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Abstract—Federated Learning (FL) empowers Industrial Inter-
net of Things (IIoT) with distributed intelligence of industrial au-
tomation thanks to its capability of distributed machine learning
without any raw data exchange. However, it is rather challenging
for lightweight IIoT devices to perform computation-intensive
local model training over large-scale deep neural networks
(DNNs). Driven by this issue, we develop a communication-
computation efficient FL. framework for resource-limited IIoT
networks that integrates DNN partition technique into the stan-
dard FL mechanism, wherein IIoT devices perform local model
training over the bottom layers of the objective DNN, and offload
the top layers to the edge gateway side. Considering imbalanced
data distribution, we derive the device-specific participation
rate to involve the devices with better data distribution in
more communication rounds. Upon deriving the device-specific
participation rate, we propose to minimize the training delay
under the constraints of device-specific participation rate, energy
consumption and memory usage. To this end, we formulate a
joint optimization problem of device scheduling and resource
allocation (i.e. DNN partition point, channel assignment, transmit
power, and computation frequency), and solve the long-term
min-max mixed integer non-linear programming based on the
Lyapunov technique. In particular, the proposed dynamic device
scheduling and resource allocation (DDSRA) algorithm can
achieve a trade-off to balance the training delay minimization
and FL performance. We also provide the FL convergence bound
for the DDSRA algorithm with both convex and non-convex
settings. Experimental results demonstrate the derived device-
specific participation rate in terms of feasibility, and show that
the DDSRA algorithm outperforms baselines in terms of test
accuracy and convergence time.

Index Terms—Federated learning, deep neural network (DNN)
partition, device-specific participation rate, dynamic device
scheduling and resource allocation.

I. INTRODUCTION

ECENT advances in artificial intelligence (AI) and com-
munication technologies along with wide deployment
of the Industrial Internet of Things (IloT) are leading us
to Industry 4.0 [1]], [2]. With the proliferation of modern
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sensors and controllers, massive data has been collected and
analyzed to derive intelligence, which transforms traditional
industrial manufacturing to modernization and intelligence.
Since raw industrial data often involves sensitive information,
privacy is of the essence in industrial big data analysis. In
traditional machine learning (ML), a large amount of raw data
is collected from IIoT devices and centralized in a third party,
which can lead to privacy leakage. Therefore, it is of crucial
significance to process industrial raw data locally for the sake
of privacy protection. As an emerging Al technology, federated
learning (FL) has been regarded as a promising solution to
privacy-preserving intelligent IIoT applications [3]. In a FL
network, the centralized server aggregates the trained local ML
models transmitted from the distributed devices. Compared
with traditional ML, FL achieves a global ML model without
any raw data exchange, thereby significantly reducing the
communication overhead and promoting the privacy of each
device. In this context, FL is widely applicable to a variety
of IIoT scenarios wherein the local data samples possessed by
every single device are insufficient to train an efficient ML
model.

Wireless communication is of the essence in IIoT scenarios
because it enables seamless, pervasive, and scalable connectiv-
ity among distributed devices without any cabled connections
[4]]. The total cost of deploying cabled communication can
be relatively high in an industrial environment, especially
when it requires equipment shutdown and pauses manufac-
turing lines. Therefore, many factories upgrade the existing
equipment with industrial wireless components for additional
intelligent applications (e.g., fault diagnosis and safety early
warning), instead of deploying cables [5]. However, due to
the limited communication resources (e.g., bandwidth), FL
in IIoT systems suffers from inter-channel interference and
prolonged transmission latency in the training process. Since
IIoT systems demand the timely completion of each processing
step during the manufacturing process, the communication
overhead can be a bottleneck in FL-enabled IIoT systems.
In addition, since IIoT devices are typically battery-operated,
low-power consumption is vital to preserve battery life [6]. To
this end, joint communication and energy resource allocation
are of considerable significance to improve FL efficiency in
wireless IIoT networks.

From the perspective of resource allocation, many recent
studies have focused on how to achieve energy-efficient or
communication-efficient FL. Authors in [[7] derive the training
loss gap between FL and centralized ML for a given duration
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of communication rounds, and propose a device scheduling
and resource allocation policy to enhance the FL performance
by predicting channel state information. Based on deep multi-
agent reinforcement learning, the works in [S]] and [[8]] optimize
the device selection as well as communication and computa-
tion resource allocation in an online manner to minimize FL
loss function under delay and energy consumption constraints.
To achieve a communication-efficient FL, [9]—[12] minimize
the training latency by jointly optimizing communication and
computation resource allocation as well as device selection. To
evaluate the learning performance of the proposed low-latency
FL framework, both FL training loss and learning delay are
investigated to characterize the impact of device selection and
resource allocation on the FL performance. In addition, to
overcome the battery challenge of IIoT devices, the works in
[13]-[17] propose different algorithms of joint communication
and energy resource management, aiming at minimizing the
total energy consumption of FL training process or weighted
sum of energy consumption, latency and FL training loss.

Although emerging Al endows IIoT the capability to mine
efficient knowledge from big data, the state-of-the-art deep
neural network (DNN) architectures (e.g., GPT3) demand
significant memory and computational resources [18]. Con-
sidering the huge computational cost of large-scale DNN
training, the aforementioned works on communication and
computation resource allocation are not adequate to reduce
the computational burden on lightweight IIoT devices during
the FL training process. To further reduce the computational
cost of FL training for IToT devices, recent works [[19]-[21] on
DNN partition assisted FL. propose to divide the DNN model
into two continuous portions, and separately train bottom and
top layers of the DNN model at the device and edge server
sides. However, these works focus on differentially private
data perturbation mechanism designs to preserve the privacy
of training data, and adopt predefined DNN partition strategies
for all devices regardless of limited and heterogeneous com-
putational resources. Later on, [22] and [23]] propose to jointly
optimize the partitioning and offloading of DNN inference
tasks to reduce the total execution time. However, these works
focus on DNN inference instead of DNN training. In fact, it
is more challenging to optimize the DNN partition point in
FL training process. This is due to the fact that FL. demands
the devices to synchronously perform the local model training
in each communication round, while the DNN inference tasks
can be independently executed by the devices. To our best
knowledge, our paper is the first attempt to investigate the
dynamic DNN partition in FL training process.

In addition, due to diverse computational capacity and
memory resource among different IloT devices, device het-
erogeneity introduces high training latency or even training
failures, resulting in an unsatisfactory quality of experience
(QoE) for real-time delay-sensitive applications. Furthermore,
data heterogeneity can significantly degrade FL performance
in the presence of non-independent and identically distributed
(non-1ID) data distribution [24]. To this end, proper partic-
ipant device selection plays a crucial role in improving FL
performance, especially when there exits a limit on the num-
ber of participant devices due to the limited communication

resources.

To address the aforementioned issues, we propose a
communication-computation efficient FL framework for
resource-limited IIoT networks that integrates the dynamic
DNN partition technique into the standard FL. mechanism.
Considering limited and heterogeneous communication, en-
ergy, and memory resources as well as imbalanced data
distribution, we propose a dynamic device scheduling and
resource allocation policy to minimize the training latency
while guaranteeing FL performance. Our contributions are
summarized as follows:

1) By integrating DNN partition with FL, we propose a
two-tier FL. framework for IIoT networks wherein the
devices hold the private datasets, perform the local
model training over the bottom layers of the objective
DNN, and offload the top layers to the edge gateway side
at the middle tier. The roles of edge gateways include
local model training of top DNN portion, device-level
model combination, shop-floor-scale model aggregation,
and model transmission. The base station (BS) at the top
tier performs global model aggregation, and transfers
scheduling policy information.

2) According to the forward and backward propagation, we
derive the universal formulas for evaluating the layer-
level memory usage and floating-point operation counts
(FLOPs) based on the hyper-parameters of the DNN
structure (e.g., filter size in convolution layer). As such,
we propose a layer-level calculation model for training
delay, memory usage and energy consumption in our
two-tier FL framework.

3) We derive a divergence bound to analyze the impact
of local dataset size and data distribution on FL train-
ing performance, and then develop the device-specific
participation rate linked to the model performance. To
achieve a low-latency FL, we formulate a joint dy-
namic optimization problem of the device scheduling
and resource allocation (i.e., channel assignment, DNN
partition point, transmit power and computation fre-
quency) under the constraints of device-specific partici-
pation rate, energy consumption and memory usage. The
objective of this optimization problem is to minimize the
training latency while guaranteeing the learning perfor-
mance of FL. To solve this long-term min-max mixed
integer non-linear programming (MINLP) problem, we
propose a dynamic device scheduling and resource al-
location (DDSRA) algorithm to transform the stochas-
tic optimization problem with a time-average device-
specific participation rate constraint into a deterministic
min-max MINLP problem based on the Lyapunov tech-
nique. Then, we solve the deterministic problem by the
block coordinate descent method and bisection method
in each communication round.

4) We conduct a performance analysis of the proposed
DDSRA algorithm to verify its asymptotic optimality. A
trade-off of [O(1/V'), O(v/V)] is characterized between
the FL training latency minimization and the degree
of which the participation rate constraint is satisfied
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with a control parameter V. This trade-off indicates that
the minimization of the training latency and FL perfor-
mance can be balanced by adjusting V. Furthermore,
we provide the FL convergence bound for the DDSRA
algorithm with both convex and non-convex settings.
Our developed bound reveals that the FL convergence
rate can be improved by increasing the training data size
and setting a higher participation rate for the important
devices with better data distribution.

5) Experimental results are provided to demonstrate the
derived device-specific participation rate in terms of
feasibility. Moreover, we analyze the participation rate of
each device under the proposed DDSRA algorithm, and
the experimental results show that the DDSRA algorithm
outperforms the baselines in terms of learning accuracy
and convergence time.

The remainder of this paper is organized as follows. In
Section we briefly introduce the basic knowledge of FL
and DNN partition technique. In Section we give the
communication-computation efficient FL-enabled IIoT frame-
work and then formulate the stochastic optimization problem.
Section derives the device-specific participation rate, and
Section [V] proposes the DDSRA algorithm. Section [VI] pro-
duces the performance analysis of the proposed algorithm to
verify asymptotic optimality, and studies the FL convergence
rate. Then, the experimental results are presented in Section
Section concludes this paper. For ease of reference,
Tables I lists the main notations used in this paper.

II. PRELIMINARIES
A. Federated Learning

FL enables local model training across distributed devices,
and global model aggregation at a centralized server. Consid-
ering an FL network of N devices collaborating to train an
ML model over their respective local datasets. The goal of
FL is to find a set of model parameters w that minimizes
the global loss function F(w) on all the local datasets, i.e.,
Flw) = W, where F,,(w) = f(w,D,,) denotes
the loss function on the local dataset D,,. To keep the training
data localized and private, each device in FL utilizes the
gradient-descent method to minimize the local loss function
F,(w) over its local dataset by iteratively moving in the
negative direction of the gradient. To obtain the global model,
they synchronously upload the trained local model parameters
to the centralized server, which aggregates all the collected
local model parameters and returns the result to each device to
update the local model parameters. Compared with traditional
ML, FL can collaboratively build a shared model without
raw data exchange, which greatly reduces the communication
overhead and promotes the privacy of localized data.

B. Deep Neural Network Partition

1) Deep Neural Network: A deep neural network (DNN)
can be considered as stacked layers of neural networks, where
raw data gets passed to the input layer and the output layer
outputs the prediction result. Each hidden layer takes in the

TABLE I: List of main notations.

Notations H Descriptions

N Index set of the end devices
M Index set of the edge gateways
a Deployment matrix
Dy Local dataset
L Index set of the DNN layers
J Index set of the available channels
In(t) DNN partition point
I(t) Channel assignment matrix
K Local iterations
B Step size
Dy Number of sample points
o FLOPs of the forward propagation
for each sample point in the [-th layer
of FLOPs of the backward propagation
! for each sample point in the [-th layer
D FLOPs per clock cycle of the n-th device
¢S’n FLOPs per clock cycle of the m-th gateway
D Computation frequency of the n-th device
Computation frequency of the m-th gateway assigned to the
o) local model training offloaded from the n-th device in the ¢-th
communication round
eﬂi“‘D t) Energy C(?nieum.ption of the n-th de%vict.z for local
model training in the ¢-th communication round
vP Effective switched capacitance of the n-th device
e‘,’f;jG t) Energy consumpfion .of the m-th gatewa-y f(?r
local model training in the ¢-th communication round
Memory usage of the [-th layer for storing the model parameters
gnil and intermediate data in the forward and backward propagation
GP(#) Memory usage for the bottom DNN layers trained
" at the n-th device in the ¢-th communication round
GS (1) Memory usage for the top DNN layers trained
m at the m-th gateway in the ¢-th communication round
GDmax Memory size of the n-th device
GG;max Memory size of the m-th gateway
() Downlink channel power gain from the BS to the m-th
md gateway via the j-th channel in the ¢-th communication round
BY Bandwidth of the downlink channel
pPB Transmit power of the BS
No Noise power spectral density
o1 DNN model size
ifn j(t) Co-channel interference of the downlink channel
B Bandwidth of the uplink channel
P (1) Transmit power of Fhe m-th gateway
in the ¢-th communication round
he (1) Uplink channel power gain from the m-th
e gateway to the BS in the ¢-th communication round
i j(t) Co-channel interference of the uplink channel
(1) Energy consufn[')tlor} of the m-th gatew'ay 'for
model transmitting in the ¢-th communication round
EP(t) Energy arrival at the n-th device in the ¢-th communication round
ES (1) Energy arrival at the m-th gateway
m in the ¢t-th communication round
ESL ) Total enefgy consumption of thef m-th
gateway in the t-th communication round
7(t) Total latency of the ¢-th communication round
T Participation rate of the m-th gateway and its associated devices

inputs, passes the weighted inputs into an activation function
along with the biases, and forwards the outputs to the next
layer.

2) Forward and Backward Propagation: According to the
gradient-descent method, the backpropagation algorithm is
utilized to calculate the gradient of the objective loss function
with respect to the model parameters (i.e., neural network’s
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weights and biases) by the chain rule [25]. Specifically, for-
ward and backward propagation are executed in each iteration
until the objective loss function converges. In the forward
propagation stage, each hidden layer calculates the outputs by
adding the biases to the weighted inputs and passing results
into the activation function. The data flows from the first input
layer to the last output layer to obtain the prediction result,
where the output of each hidden layer serves as the input
of the next one. In the backward propagation stage, error
propagates in the opposite direction from the output layer to
the input layer in order to compute the gradient of the loss
function with regard to the model parameters. The error term
in the output layer is calculated as the difference of actual
and desired output, and the error term in each hidden layer
is calculated as the weighted sum of the errors from the next
layer. Based on the error passed from the next layer, each layer
computes the gradient to update the model parameters and the
error to be propagated to the previous layer.

3) Deep Neural Network Partition: In DNN partition mech-
anism, we set a partition point to divide the objective DNN into
two continuous portions, and separately deploy the bottom and
top layers of the DNN at an end device and an edge server. To
perform the forward and backward propagation, the end device
first transmits the labels of training dataset to the edge server.
Then, the output of the last layer in the device-side DNN is
transmitted to the edge server during the forward propagation
stage, while the error term of first layer in the server-side
DNN is transmitted to the end device during the backward
propagation stage. Based on DNN partition mechanism, the
local model training of top DNN portion is offloaded to the
edge server, thereby greatly reducing the computational burden
on the resource-constrained device side. Upon completing the
DNN model training, we perform the model combination, i.e.,
combining the bottom and top layers of the trained DNN
model to obtain the complete DNN model. The decision
of DNN partition point mainly depends on three aspects as
follows: (a) computational resources (i.e., processing power,
memory capacity, etc.) of edge server. The computational
resources required by the training of the offloaded DNN layers
cannot exceed the computational resources of the edge server;
(b) communication overhead. In the training process, DNNs
can be partitioned in pooling layers to reduce the data size
of forward outputs and errors transmitted between the end
device and edge server; (c) privacy concern. Deeper DNN
partition points can help mitigating the potential threats of
privacy leakage.

III. SYSTEM MODEL
A. System Overview

As shown in Fig[T] we consider an FL-enabled IIoT network
with M shop floors, wherein each shop floor employs a single
edge gateway and a group of end devices. In every shop floor,
each device monitors the manufacturing process, collects local
datasets, and performs local model training. Due to limited
computation and memory resources at the device side, each
device trains bottom layers of the objective DNN locally, and
the training of top layers is offloaded to the edge gateway in the

same shop floor. Then, the gateway collects the local models,
combines the bottom and top DNN portions, and performs
the shop-floor-scale model aggregation. The base station (BS)
collects the aggregated shop-floor-scale models, and performs
the global model aggregation to obtain a shared model.

1) End devices: Let N = {l,...,N} and M =
{1,..., M} denote the index sets of the devices and gateways,
respectively. Define an N x M deployment matrix as a with
entry an, € {0,1}, n € N and m € M. If ay,, = 1,
the n-th device is deployed with the m-th gateway in the
m-th shop floor. As such, the deployment matrix satisfies
Y nen @nm = 1, ¥m € M. Each group of devices can only
communicate with the gateway in the same shop floor, and we
describe the group of devices as the associated devices with
the gateway in the same shop floor. Each device holds a local
dataset D,, = {x,,; € R% y,.; € R} with D,, = |D,| data
points, where x, ; and y, ; are the feature vector and label
for the 4-th data point at the n-th device. Let £ = {1,...,L}
denote the index set of the DNN layers. For local model
training, the bottom [, (¢) layers of the objective DNN are
trained locally at the n-th device in the ¢-th communication
round, while the training of top L —[,,(t) layers are offloaded
to the associated gateway.

2) Edge gateways: The roles of each gateway include
local model training of top DNN portion, device-level model
combination, shop-floor-scale model aggregation, and model
transmission. First, each gateway performs the forward and
backward propagation for the top layers of the objective DNNs
offloaded from the associated devices. Second, each gateway
collects the bottom layers of the DNNs from the associated
devices, combines the bottom and top layers of the trained
DNNs, aggregates the combined local models, and transmits
the aggregated shop-floor-scale model to the BS. Note that
only a part of the shop floors can be selected to participate in
FL in each communication round.

3) Base station: Let J = {1,...,J} denote the index
set of the available channels, 7 = {1,---,T} denote the
index set of communication rounds. Orthogonal frequency-
division multiplexing (OFDM) is adopted to transmit the shop-
floor-scale model parameters from the gateways to the BS in
parallel. In each communication round, J selected gateways
can communicate with the BS through the assigned channels.
The BS equipped with a cloud server has two functions: (a)
aggregating the model parameters received from the selected
edge gateways; (b) sending back the global model parameters
and the scheduling policy information (e.g., channel assign-
ment) to the gateways.

Consider that FL operation in each communication round is
synchronous. As Fig[l] illustrated, the FL in the ¢-th commu-
nication round operates in the following steps:

1) At the beginning of the ¢-th communication round, the
BS selects J gateways according to scheduling policy,
and broadcasts the global model parameters W' to the
selected gateways. Define the channel assignment matrix
as I(t) with entry I, ;(t) € {0,1}, m € M and j € J.
If I,,, ;(t) = 1, the m-th gateway is assigned to the j-th
channel in the ¢-th communication round. Note that the
channel assignment matrix satisfies D -y I j(t) = 1
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Fig. 1: System model of a two-tier communication-computation efficient FL-enabled IIoT framework.

and > ;I j(t) < 1, V¢t € T. Then, each selected
gateway broadcasts the global model parameters W to
its associated devices.

Upon receiving W, each training device and the asso-
ciated gateway collaboratively perform the forward and
backward propagation by DNN partition mechanism to
update the local model parameters. Let wd! = W?
denote the initial local model parameters of the n-
th device in the t-th communication round. For each
training device and the associated gateway, local model
parameters are updated according to the gradient-descent
update rule with respect to the local loss function over a
total of K iterations. The update rule in the k-th iteration
is wht = Wkt — BV E, (wk~1t), where w)* denotes
the local model parameters of the n-th device in the k-
th iteration and the ¢-th communication round, 8 > 0 is
the step size, VF, (wE~1t) = Vf,(wk~1t, D,) is the
stochastic gradient of local loss function, and ’15” is a
batch of the local dataset D,, with D,, = |ﬁn| sample
points.

Upon completing the local model training, each training
device transmits the bottom layers of the DNN to the
associated gateway. Then, the selected gateways com-
bine the bottom and top layers of the trained DNNs,
aggregate the combined local model parameters ac-
cording to the federated averagin%( gFedAvg) algorithm

1 Nt Engj\/ an,mDn’lIJ,,L ’
[26], i.e., w;, SR A
aggregated shop-floor-scale model parameters !, to the

BS. With the received model parameters uploaded from
the selected gateways, the BS updates the global model
parameters by performing global aggregation according

~t
. t+1 mem 2jeg Im.i(t) Dmy,
to FedAvg, ie., W = e Ses Im i (0D

where Dy, = 3 crr Gnm D

2)

3)

, and transmit the

B. Computation Model

Before delving into the computation model, we first define
the following notations for the hyper-parameters and tensor
shapes in the forward and backward propagation. Let B and
St denote the batch size and the precision format of the
data type, respectively. For the convolution layer and pooling
layer, H,, W, and C, are output height, width, and channel,
respectively; H;, W; and C; are input height, width, and
channel; Hy and W} are the filter’s height and width. For the
fully connected layer, S; and S, are the input and output sizes.
To calculate the memory usage and FLOPs for the bottom and
top DNN portions trained at the device and gateway side, we
list the main layer-level memory usage and FLOPs in Table
[0 according to the backpropagation algorithm [27], [28].

Let 0; and 02 denote the FLOPs of the forward and backward
propagation for each sample point in the [-th layer, respec-
tively. As such, the local model training time of the m-th
gateway and its associated devices in the ¢-th communication
round is represented as

t = én(lt) (o1 + 0;)
ra . =
T (t) = ;Im,j(t) glé?\)/( Q. K Dy, W
J
ZlL:ln(t)+1(Ol +0p) |
RO | @

where ¢P and ¢S, are the FLOPs per clock cycle of the n-th
device and the m-th gateway, fP is the computation frequency
of the n-th device for local model training, and f5 ,(t) is the
computation frequency of the m-th gateway assigned to the n-
th device’s local model training. Note that fS , (t) is limited
by the total computation frequency of the m-th gateway, i.e.,
> nen Gmon S o (t) < f5™. The energy consumption of the
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TABLE II: Layer-level memory usage and FLOPs in DNN forward and backward propagation operations

Layer Category Memory Usage ' Floating-point Operation
Tensor Category Tensor Size Operator Category FLOPs
Weight SyC;H;W;Cy | Forward Propagation 2BsC;HyW;CoHoWo
Convolution Forward Outout Sf BsCoHoWo Error Calculation 2Bs (2Wf + Wf Wo —2)
Backward Error SfBSCiHiWZ‘ ><(2Hf +HfHo — 2)
Gradient SyCiHyW;C, Gradient Calculation 2BsCi HyW;CoHoWo
Poolin Forward Outout Sy BsCoHoW, | Forward Propagation BsC; H;W;
¢ Backward Error SyBsC; H;W; Error Calculation BsC; H;W;
Weight S;iSo Forward Propagation 2BsS; S,
Forward Outout BsS, Error Calculation 2BsS; S,
Fully Connected Backward E 5.9
ackward Error ; . .
Gradiont S:S: Gradient Calculation BsS; S,

n-th device for local model training in the ¢-th communication
round can be expressed as [23]

In(t)
R0 =3 3 nahamakDur o} (2 o
JET meM
2
+oz>) (2) @
where UE is the effective switched capacitance. Moreover,

the energy consumption of the m-th gateway for the local
model training offloaded from its associated devices in the
t-th communication round is given by

(i

=3 I j(t)amn K Dyvs, /65,
3)

lra G

JjeT neN
(o1 + 02)) ( S@,n(t))2'

For the n-th training device with the training dataset ﬁn,
let g,; denote the memory usage of the [-th layer for storing
the model parameters and intermediate data in the forward and
backward propagation. The total memory usage for the bottom
and top layers of the objective DNN, which are trained at the
device and gateway side, are given by

In(t)

- Z Z Z Im,j(t)am,ngn,la 4)
JET meM I=1
and
= Z Damngns. ()

JET neN 1=, (t)+1

Let GP™™* and GS™>* denote the memory size of the n-
th device and the m-th gateway, respectively. We can note
that 0 < GP(t) < GP™* and 0 < GY,(t) < GE™* since
the memory usage cannot exceed the memory size of the
equipment. In addition, the local model training cannot be fully
offloaded due to the limited memory and energy resources at
the edge gateway side.

C. Communication Model

At the beginning of the ¢-th communication round, the
BS broadcasts the global model parameters to the selected
gateways over wireless channels. Assume that the wireless

channels are IID block fading. The channel remains static in
each communication round but varies among different commu-
nication rounds. In our communication model, the downlink
channel power gain from the BS to the m-th gateway via the
j-th channel is modeled as hfnﬁj(t) = hopﬂnyj(t)(do/dm)”,
where hg is the path loss constant, p‘,’m ;(t) is the small-scale
fading channel power gain from the BS to the m-th gateway
via the j-th channel in the ¢-th communication round, d,,
is the distance from the BS to the m-th gateway, dy is the
reference distance, and v is the large-scale path loss factor,
respectively. Thus, the global model transmission time from
the BS to the m-th gateway in the ¢-th communication round
can be represented as

own I ) (t)’y
T’?ﬂ (t) = e PBhd ( ) 9 (6)
je7 BUlogs (1+ g )

where ~ is DNN model size, BY is the bandwidth of the
downlink channel, PZ is the transmit power of the BS, N is
the noise power spectral density, and zfn j(t) is the co-channel
interference caused by radio communication services in other
areas, respectively.

After downloading the global model parameters from the
BS, each selected gateway broadcasts the global model pa-
rameters to its associated devices. Due to the short-distance
wireless technology, we consider that the transmission time
between the gateways and the associated devices is negligible
compared with the overall FL training delay [29]-[31]. After
completing the local model training, each training device
transmits the bottom layers of the DNN to its associated
gateway, and the selected gateways perform the device-level
model combination and forward the aggregated shop-floor-
scale model parameters to the BS over wireless links. Sim-
ilarly, the model transmission time from the m-th gateway to
the BS in the ¢-th communication round is

1 m,J (t)'—)/
jeg Btlog, (1 + gﬁ?éi)fm J((tt))>
where B represents the bandwidth of the uplink channel,
P (t) denotes the transmit power of the m-th gateway, iy, . (%)
is the co-channel interference, hy, ;(t) = hopy, ;()( do/d )i
is the uplink channel power gain from the m-th gateway to the
BS, and py,, j(t) is the small-scale fading channel power gain,
respectively. The energy consumption of the m-th gateway for

TR(t) =

m

(7
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transmitting the aggregated shop-floor-scale model parameters
in the ¢-th communication round is

Lo (8) L5 ()

P (D) Ry, ;(t)
jeT Bu10g2 (1+ B“No+l“].())

e (t) =

m

®)

In addition, the energy harvesting (EH) components
equipped at devices and gateways harvest renewable energy
from the nature for local model training and transmission. We
formulate the EH process as successive energy packet arrivals.
Let EP(¢) and ES (t) denote the energy arrival at the n-th
device and the m-th gateway in the ¢-th communication round.
Consider that EP () and ES (t) are modeled as IID stochastic
processes, i.e., EP(t) and ES(¢) are uniformly distributed
within [0, E>™] and [0, ES™>], respectively. Note that the
total energy consumption of the m-th gateway in the t¢-th
communication round can be represented as

s (t) = e O(t) + b (1) 9)

m
As such, it can be derived that 0 < e"P(¢) < EP(¢), and
0 < €S (t) < ES(t), since the energy consumption cannot
exceed the energy arrivals in each communication round.

D. Problem Formulation

According to the analysis above, the time consumption of
each communication round mainly comes from three parts, i.e.,
global model downloading, local model training, and shop-
floor-scale model uploading. Thus, the total delay of the ¢-th
communication round is given by

T(t) = max. {Ttra t) + 7P (t) + T,‘ifwn(t)} ) (10)

To obtain a communication-computation efficient FL. frame-
work, we develop a dynamic device selection and resource
scheduling protocol to minimize average delay under the
energy consumption and memory usage constraints. Let
X (t) = [L(t),L(t), P(t), £9(¢)]. In this context, we formulate
a stochastic optimization problem as

. I T
PO : g{lgg thle(t)
Cl:1,;(t) e{0,1},YmeM,je T teT,
C2:) In(t)<LYmeMteT,
jeT

> Injlt)

meM
C4:0< Pp(t) < P™ Vme M, teT,
C5:0<,(t)<L,VneN,teT,
C6: fSM <N amnfy () < fETVm e M tET,

neN

C7:0<GP(t) <GP™ YneN,teT,
C8:0<GS(t) <GE™ Yme M,teT,
C9:0<e™P(t) < ER(t),YyneN,teT,
C10-O<eG( ) < ES(t),Yme M,teT,

(1)

C3: =1vjeJ,teT,

Z 1L >T,,,Ym e M,

where 17, = 37, ;I ;(t) indicates whether the m-th
gateway is selected to participate in the local model training
in the ¢-th communication round. That is, if ]1§n =1, the m-th
gateway and associated devices are selected to train the local
model in the ¢-th communication round. I',, is the participation
rate of the m-th gateway and its associated devices derived in
the following section. The ranges of the variables I(t), I(t),
P(t) and fS(t) are constrained by C1 ~ C6, respectively.
C7 ~ C10 are the memory usage and energy consumption
constraints for devices and gateways in each communication
round, respectively. Furthermore, the long-term constraint C11
is adopted to optimize the FL performance by guaranteeing the
participation rate for each gateway and the associated devices.
Overall, the goal of PO is to jointly optimize communication
and computation resources under memory usage, energy con-
sumption and participation rate constraints.

IV. DEVICE-SPECIFIC PARTICIPATE RATE

In this section, we derive a model divergence bound to
measure the learning performance of each gateway and the
associated devices’ local model training. As such, the partic-
ipation rate of each gateway and the associated devices can
be determined based on the derived divergence bound. Our
analysis of the model divergence bound focuses on three parts,
i.e., data distribution, training dataset size, and the number of
local epochs.

Before the analysis, two auxiliary notations are introduced.
We use wF? to denote the set of local model parameters
that follows a full gradient descent, i.e., wrtlt = wkt —
BY f(wk D), and vFt to denote the set of local model
parameters that follows a centralized gradient descent, i.e.,

vhHLt = — BV f(v®t,UD,,). Note that although the sets
of model parameters wkt w’C ¢, and v** follow different up-
date rules, they are synchromzed with @ **~1 at the beginning
of the ¢-th communication round, i.e., w0 = wd = vt =

]l Ay, nD,I ’lIJfl’t

K t 1 I k t P ’"l m
. In addition, let w*! = Y Em om%mnn
2 Lham, nDn
and wkt

= en ﬁwﬁﬁ denote the weighted aver-
age of the sets of model parameters w"-*
tively.

To facilitate the analysis, we make the following assump-
tions on the loss function to describe how the data is dis-
tributed at different devices.

Assumption 1: For each data point {x;,y;} € D,, the
gradient of the function f(w,{x;,y;}) has bounded variance,
ie, B[Vf(w,{@i,y:}) = Vf(w,Dp)})[| < on.

Assumption 2: For each device, the gradient of the local loss
function f(w,D,,) and the global loss function f(w,UD,)
satisfy ||V f(w, Dy,) — Vf(w,UD,)|| < d,.

Based on Assumption [1] and we investigate model
divergence ||w!, —v™!|| in Theorem

Theorem I: Assume that the local loss function f(w,D,,)
is L,-smooth. The divergence between !, and v in the
t-th communication round can be written as

wl, — v <@ 2

nen 2ener Gmon D

k.t
and w,'", respec-

a”ITL nDn

n<L\ﬁ
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On
+ L) ((BLn+ 1" =1). (12)
Proof: Please see Appendix A. ]

Theorem [I] reveals the impact of data distribution on FL
performance, wherein lower variances ¢, and §,, produce bet-
ter training performance. That is, the gateway and associated
devices are more helpful for FL training if the local data
distribution better represents the overall data distribution. In
addition, we find that larger training data size D,, can lead to
smaller divergence. Moreover, the divergence increases with
the value of local epoch K, which follows the same trend
with the standard FL framework [32].

According to the model divergence bound in (I2), we
derive the proportion of the m-th gateway and its associated
devices’ participation rate over the total participation rate as
ﬁ. Recall that we select J gateways and the associ-
ated devices to participate in the local model training in each
communication round. In this context, the total participation
rate of all gateways and the associated devices is J. As such,
the participation rate of the m-th gateway and its associated
devices is determined by [33[]-[35]]

1/(I)m 1}
ZmGM 1/(1)77747 .

Note that the participation rate of each gateway and its
associated devices cannot exceed 1.

This participation rate I',,, derived by the divergence bound
of the m-th gateway and associated devices is introduced to
show how many communication rounds that the m-th gateway
should participate in the whole FL process. Based on the
derived participation rate I',,,, we can optimize the commu-
nication and energy resources while guaranteeing FL training
performance by adopting a device-specific participation rate
constraint. Superior to the general fairness guarantee (e.g.
Round Robin), the participation rate constraint can not only
save the slow devices from being excluded from FL training
process, but also involve important devices with better data
distribution in more communication rounds on the track of low
latency by setting a larger participation rate for the important
devices.

I — min {J (13)

V. DYNAMIC DEVICE SCHEDULING AND RESOURCE
ALLOCATION ALGORITHM

In this section, we propose a dynamic device scheduling and
resource allocation (DDSRA) algorithm to solve the stochastic
optimization problem PO, which is shown in Algorithm
The proposed DDSRA as a centralized scheduling algorithm
is performed by the BS. Compared with the existing DNN
partition approaches using a predefined DNN partition point
for all devices during the FL training process [19]—[21],
the proposed DDSRA algorithm dynamically optimizes DNN
partition point, channel assignment, transmit power, and com-
putation frequency with time-varying channels and stochastic
energy arrivals.

Algorithm 1: Dynamic device scheduling and resource
allocation algorithm

1 Initialize: Virtual queue length Q(t) = 0;

2 fort=1,2,...,T do

3 Require: Virtual queue length and channel state at
the beginning of the ¢-th communication round;
4 Ensure: X (t) = [I(t), l(t), P(t), fS(t)1;

5 do in parallel

6 Optimize DNN partirion point I(t),
computation frequency fY(t) and transmit
power P(t) by solving (1), (22), and
with block coordinate descent method, and
compute A, ;(t) according to ;

7 Given the optimized auxiliary variable A, ;(t),
find the channel assignment policy I(t) by
solving with Hungarian method;

8 Update Q(t) according to ;

9 | Return X (t) = [I(t), L(t), P(t), fO(t)]

A. Problem Transformation

Based on the Lyapunov optimization method [36]], we first
transform the original problem PO into P1 by converting the
time-average inequality constraint C11 to the queue stability
constraint C11’. To this end, we define the virtual queue
Q. (t) for each gateway updated by

Qm(t+1) £ max{Q(t) — 1!, + ', 0}.

By replacing the long-term participation rate constraint C11
with mean rate stability constraint of @Q,,(¢), the original
problem PO can be written as

(14)

1 T
P s 72, (13
E

st. Cl~CI0, CIU: lim M —0,Ym € M.

To solve P1, we next transform the long-term stochastic
problem P1 into the static problem P2 in each communication
round by means of characterizing the Lyapunov drift-plus-
penalty function [36].

Definition 1: Given V' > 0, the Lyapunov drift-plus-penalty
function is defined as

Ay (t) 2 Vr(t) + AE(), (16)

where AZ(t) £ E{Z(t + 1) — Z(t)|Q(t)} is the conditional
Lyapunov drift, and 2(t) £ 1 3 Q,,(t)? is the Lyapunov
function.

Minimizing AZ(t) stabilizes the virtual queues Q(t) and
encourages the virtual queues to meet the mean rate stability
constraint C11” [37]. As such, minimizing the Lyapunov drift-
plus-penalty function can concurrently minimize the FL delay
and satisfy the long-term participation rate constraint C11,
where V' is a control parameter to tune the trade-off between
latency minimization and the degree of which the long-term
participation rate constraint is satisfied.
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Lemma 1: Given the virtual queue lengths Q(¢),
AE(t) is upper bounded by AZ(t) < H + >
E{Qm ()T — 1%,)| Q(t)}, where H = Y omemTm+1).
Proof: Please see Appendix B. ]
Thus, the DDSRA algorithm is proposed to minimize the
Lyapunov drift-plus-penalty function Ay (¢) in in each
communication round, i.e.,

P2: mln Vr(t ZmeMdeij 17

m](t)

s.t. Cl ~ C10.

B. Optimal Solution of P2
To solve P2, we first introduce an M x J matrix A(¢) of

auxiliary variables
aQ L (o) + o))
A s(t) = max o+ o) | Zituparlon+ o

neNm{< ey R a7y

~ d Bh’?n]()
KD, | ¢ +7/B"/log, m
+~/B"/log, <l+m>.

Note that A,, ;(t) represents the total delay for the m-th
gateway if it is assigned to the j-th channel in the ¢-th
communication round, and N,, C N denotes the index set
of the devices associated with the m-th gateway. As such, P2
can be rewritten as

(18)

P3: min V max

Z I ,J - Z Z Qm(t)

X(®) meM meM jeJ
I, ;(t) 19)
s.t. C1 ~ C10.

By exploiting the independence between I(t) and A(t) in the
objective function of P3, we decouple the joint optimization
problem into the following sub-problems.

1) Optimal auxiliary variable: Since A(t) is independent
of I(t) in P3, we can separately minimize A,,, ;(¢) by optimiz-
ing the corresponding DNN partition point ,,(¢), transmitting
power Py, (t), and computation frequency f5 ,(t) as

i A (t 20
(0, P (0,15 (8)¥EN () 20
st C4~ C6,
In(t) ,max
C7’:Zl 1gnl<GD ,Vn € Ny,
Gmax
Z Zl Lo (t)+ gnl - G
n€ENm,
/ G 2
KD (S ) (.0)
neNrn
P,
+ 7En 1) < ES (1),

. P () BRY, (D)
B logQ (1 + B“No-l—i:” ;(t) )

D [ In(t)

C10’: KD, 2n

"D (D) P<EP(t),Vn € Ny

oH—ol
=1

To solve this problem, we decompose (20) into three sub-
problems in 1)), 22)) and (23). Given the remaining variables,
each sub-problem is solved by the bisection method or suc-
cessive convex optimization method [38]. Thus, @]) can be
optimized by the block coordinate descent method as shown
in Algorithm

Given the optimized P, (¢) and fu  (t), we can rewrite

=1

as
91(ln (1)) = e {KDH ( @D fD
ZlL:lﬂ,(t)+1(Ol + o)
b S ()
st. C5,C7°,C8,C9, C10.

Do+ )

min
I (t),YVNEN,,

+ @21)

Note that the sub-problem in (2I) is NP-hard. To circum-
vent this difficulty, a greedy solution with polynomial-time

complexity is proposed by adopting the bisection method
min __ K min, e Ny, {Dn }Z 1(01+07)
B9 Let 91 = atmacnen, (S0 T macn e (65, 15 (OT]
K max,cn,, {D }Zl 1(ol+o,)
min{minnen,, {¢5 R} minnenm {65, f5, . (O} }
the lower and upper bound of g (I, (¢)). Let n be the mid
point of the interval (gi"", g7"™), i.e., n = (g™ + ¢1™).
In each iteration, we first compute the lower and upper

bound of [, ( ) according to constraints C5, C7°, C9’ and

- L7 L+ ’
KD ZI ¢I’JL(fOé+OL) + Zl,(;g})gln((og) 0;) < n, Vn € ./\[,,u

ie., M < [ (t) < ™ If constraints C8 and C10’ hold
when [,,(t) = [™" we refine the upper bound of g; (,,(t)) as 7.
Otherwise, the lower bound of g; (I,,(t)) is refined as 7. We can
note that /™" = [M jf the bisection method converges. Thus,
the optimal DNN partition point is derived as [ (t) = ™",

Given the optimized [,,(t) and P,,(t), we can rewrite
as

max

and gi'"™ =

denote

Lo (t
l=(1)(Ol + o))

S@n(t)) = nnel%/i {K]jn < @D fD
L /
+Zz:lﬂ,(t)+1(ol + 01)) } )

min_ g

I8, (), YneN,

PG f5n (1)
st. C6,C10.

Similarly, the sub-problem in (22) can be solved by the bisec-

tion method. Let g" = K min, e, {Dn}(millé\f—%—l—
B ) and g — K mo{ D} (550 gty +
% denote the lower and upper bound of
g2(fS . (t)). Let ¥ be the mid point of the interval
(ggmn,ggm), ie, ¥ = Z(¢8™ + ¢5*). In each itera-

tion, we first compute the lower bound of fg  (t) ac-

~ L 0140
cording to KDn<ZL ¢D(;é+ol) + ZL:(;Z(?JI((Z)JF 2 < 9,
. L l’ lﬁ(” 0;+0]
ien [Ou(t) = (S, ealor+o) /65 /(— Eilree
KD ) If constraints C6 and C10’ hold when fG NOES

(Zl l,L(t)+1(Ol+0l))/¢G /( it 1nfoé+0’) +K%n), we re-

fine the upper bound of go(f5 ,(t)) as . Otherwise, the
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lower bound of go(fm ,(t)) is refined as . Suppose that
¥ = 9" when the bisection method converges. Thus, the
optimal computation frequency is derived as fﬁjn(t) =

L * () (5,40
(Zl:ln(t)+1(ol + 02))/¢%/(K0D" - Zl_;g(fé l)>~
Given the optimized [, (¢) and f5  (t), we rewrite as

gl

. Pon (DR, (5)
B IOgQ (1"’ BuNO_;'_ium"] (t) )

3(Pm(t)) = (23)

min
Pm,(t)vvnENm, g
s.t. C4,C10°.

Note that the sub-problem in (23) is convex. The optimal
transmit power is as follows.

~ G L
> KDy ( >
s ™ \i=l, (t)+1

0, if 71112<EG( ) —
Pr(t)=

m

BNo+i® () (24)
(ol+oz>)< fz,nu))?) BN <

min{x*, P"*}, otherwise,
where 2* > 0 is the solution to %u (qu ()= nen, K D, v8

Yiti,r1(ato]) Ry, (0
SO (6 (1)? oy (14 g ) o = 0.

2) Optimal channel assignment: Given the optimized A(t),
the channel assignment matrix I(¢) can be optimized as

I}l(ltl)l Vyglea/}\fl Z I i (A —Z Z Qm(t)I
JjeET meM jeg
(25)
s.t. Cl1~ C3.

To solve the problem in (25), we first introduce an auxiliary
variable A, and thus the problem can be equivalently trans-
formed into

min A\ — Z Z Qm(t) (26)
ML) meM jeT
st. Cl~C3, C12: A >V > Ly j(£) A (t),Ym € M.

JET
Following the solution of the problem in (20), we decompose
(26) into two sub-problems in and (30), and then optimize
the auxiliary variable A and the channel assignment matrix
I(t) by solving the sub-problems in an iterative manner.
Given the optimized auxiliary variable A, we can rewrite

(26) as
- Z ZQm(t)I

meM jeT
st. Cl:I,;(t) €{0,1},Yme M,je J,

min

27
I(t)

C2: ) Inj(t) < 1,Ym e M,
JjeT
C3: ) ILn(t)=1Y€eJ,
meM
C12: > VA () Im;(t) <\ ¥m e M.
JjET

From constraints C1 and C2, constraint C12 can be equiv-
alently transformed into C12°, i.e., I, ;(t) = 0,V(m,j) €
{(m,j) € M x J|A, ;(t) > A/V}. By replacing the corre-
sponding weights @, (t) in the objective function of with
an extremely large positive value, the problem in can be
transformed into a standard weighted bipartite matching linear

program as
min Y > Ol (1) (28)
I®) meM jeg
st. Cl:1,;() €{0,1},Yme M,jeJ,
C2: > In,;(t) <1,¥me M,
jeT
C3: ) In;(t)=1YjeJ,
meM
where
U, if (m, j) € {(m, j) e Mx T|VA,, ;(t) > A},
Om,j = . ’ (29)
—Qm(t), otherwise.

Note that W is set as an extremely large positive value to create
the composite objective function in ([28) which incorporates
the effect of constraint C12°. Based on the Hungarian method
[40], [41], the optimal channel assignment matrix I*(¢) can
be obtained in polynomial time.

Given the optimized channel assignment matrix I(t), we
can rewrite (26) as

m}in A (30)
st. CI2: A >V I j(t)Am (1), Ym € M.
jeJ
Obviously, the optimal auxiliary variable is given by
A= max jez;]m,j(t)/\ (t) y. (31)

With the optimal channel assignment matrix I*(t), whether
the m-th gateway and its associated devices are selected to
participate in the local model training in the ¢-th communica-
. . . : .
tion round is determined by 1, = . 7 im ; ().

C. Optimality, Complexity, Applicability, and Scalability Anal-
ysis

In this subsection, we present the optimality, complexity,
applicability, and scalability analysis of the proposed DDSRA
algorithm as follows.

Optimality analysis: The DDSRA algorithm converges to
at least a locally optimal solution. From Section V-B, the
DDSRA algorithm consists of two parts: a) solve the auxiliary
variables A, ;(t) in (20) based on block coordinate descent
method in the outer layer loop and bisection method in the
inner layer loop, and b) solve the channel assignment matrix
I(t) in based on block coordinate descent method in
the outer layer loop and Hungarian method in the inner layer
loop. According to the existing works on the block coordinate
descent method [42]]-[44]], the convergence to a local optimum
can be guaranteed when the sub-problems in each iteration can
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be solved exactly with optimality. Notably, bisection method
is an efficient and widely-used algorithm which can converge
to the global optimum superlinearly [45]], [46], and Hungarian
method is a straightforward method of finding the optimal
solution to an assignment problem [40], [41]]. According to the
above analysis, the DDSRA algorithm converges to at least a
locally optimal solution.

Complexity analysis: Let Ly and Lo denote the required
number of iterations for solving (20) based on the block
coordinate descent method in the outer layer loop and the
bisection method in the inner layer loop, respectively. The
computational complexity of solving the auxiliary variables
A, ;(t) is represented as O(NJLqLs). From Section V-
B, the computational complexity of the Hungarian method
in the inner layer is represented as O(M?). Let L3 denote
the required number of iterations for solving based
on the block coordinate descent method in the outer layer
loop. The computational complexity of solving the channel
assignment matrix I(t) in (26) is represented as O(M?>L3).
To sum up, the total computational complexity of DDSRA is
O(NJLyLy + M3L3).

Applicability analysis: The DDSRA algorithm is applicable
to a variety of IIoT scenarios. Thanks to the joint opti-
mization of device scheduling and resource allocation (i.e.
DNN partition point, channel assignment, transmit power,
and computation frequency), our proposal can be potentially
applied in device heterogeneity scenarios wherein IIoT devices
are intrinsically heterogeneous in computational capacity and
memory resource. Thanks to the developed device-specific
participation rate linked to the training dataset size and data
distribution, our proposal is robust against data heterogeneity
(i.e., non-1ID data distribution). Moreover, thanks to the layer-
level memory usage and FLOPs calculation model, our pro-
posal is applicable to diverse DNN models such as multilayer
perceptron (MLP) and convolutional neural network (CNN).

Scalability analysis: The computational complexity of the
DDSRA algorithm is directly proportional to the number of
end devices, i.e., N. Furthermore, by exploiting the indepen-
dence between the auxiliary variables A, ;(t), the DDSRA
algorithm is decomposed into MJ multi-threaded parallel
computation tasks (see line 5 in Algorithm , which can
greatly reduce the time complexity. Therefore, the DDSRA
algorithm is scalable to a large number of end devices.

VI. PERFORMANCE ANALYSIS
A. Asymptotic Optimality of DDSRA

In this subsection, we will analyze the performance of the
proposed DDSRA algorithm in terms of asymptotic optimality,
and characterize the trade-off between the delay minimization
and the degree of which the participation rate constraint is
satisfied.

Theorem 2: With the optimal policy of P2 in each commu-
nication round, and note that E{Q(0)} < oo, we have

E{=(0) —=(T)}

H
< )
VT

-V

* opt

= + (32)

and
T-1 A
LN HA V(g =) E{Qm(0)*}
P2t 2 T [T 5 B,
t=0 meM
(33)
where %' is the optimal utility of PO over all possi-

*

ble scheduling policies, * represents thfi optimal utility
min K mingen{Dnt D2 (olJrof)
of P2, and 7% = min{minneN{asaffg},iinfn;M{¢ng5§““}} +
v/B"/log, (1 +PR>hy, /(B"No+it, ;) +7/B"/log, (1+
PBh;imj/(Bd No—&—if,,,,j)).
Proof: Please see Appendix C. [ ]
We have verified the asymptotic optimality of the proposed
DDSRA algorithm in (32Z). That is, the proposed DDSRA
algorithm converges to the optimal solution as V' increases.
Moreover, (33) indicates that the participation rate of each
gateway and its associated devices increases, and finally con-
verges to the optimized device-specific participation rate I';,, as
V decreases. Hence, Theoremshows an [O(1/V), O(VV)]
trade-off between the minimization of FL training latency
and the degree of which the participation rate constraint is
satisfied, where the control parameter V represents how much
we emphasize the maximization of the FL training latency.
To be specific, a large value of V' encourages reducing the
FL training latency, which can be adopted for real-time delay-
sensitive IIoT applications. Meanwhile, a small value of V
pushes the participation rate of each gateway and its associated
devices to the optimized device-specific participation rate I',,,
thereby promoting the FL training performance.

B. FL Convergence Analysis of the DDSRA Algorithm

For ease of exposition, we define § = max,{d,}, 0 =
max,{o,}, Fn(w) = f(w,D,), Fr,(w) = f(w,D,), and
F(w) = f(w,UD,,). Based on Assumption [I| and [2 the FL
convergence bound of the proposed algorithm is derived as
follows.

Theorem 3: Assume that the loss function F),(w) is convex,
L,,-smooth and p,,—Lipschitz continuous, the FL convergence

bound is represented as

E[F(WT) - F(w")] <
1

SHY Enon K 5
G2t ) (e

’
p Wr)

(34)

En— Dy,
" X Dn
neN

e?KL

where L = max,{L,}, p = max,{pn}, ¢ = w(l —BL/2),

w & miner g b = g
and € £ minyer [F(v!) — F(w*)].

Proof: Please see Appendix D. [ ]
From Theorem we can see that larger training data
sizes D, can reduce the value of the term plo +

o K . . .
anfn\/a) ((BL+ 1)K —1) in (34), which contributes to

a smaller'convergence bound and thereby a better FL per-
formance. In addition, by setting a larger participation rate for
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important devices with better data distribution (i.e., lower vari-
ances o,), our derived device-specific participation rate I',,
can produce a lower weighted sum o

to a lower FL convergence bound. MoreoT\L/er, it also shows
that when the participation rate is set to be the same for each
gateway and its associated devices, i.e., I',, = Iy, Vm # m/,

n — ZD ) ‘ in 1} is zero if the training data sizes
n —n

are proportionate to the local dataset sizes (i.e., D, = aD,,
VYn € N, where a represents the data sampling ratio for the
local datasets). That is, the training data sizes proportionate to
the local dataset sizes can lead to a small convergence bound,
thereby promoting a better FL performance.

In addition, we derive a convergence bound for non-convex
setting in Theorem [ Theorem [ below indicates that the
proposed DDSRA algorithm can achieve a FL convergence
rate of O(1/T) for non-convex loss functions.

Theorem 4: Assume that the loss function F),(w) is non-
convex and L,-smooth, the convergence bound is represented

the term

-1 . 9
Fm mnDTL
( Smep D ) E[[VF.(
ZHEN Zme/\/l Fmam,nDn

t=0 n=1 k=0
9 T—1 N K—1 T oa. D 2
at )]+ (et )
=0 nZII;) ne,/\/ Zme,/\/l Fmam nDn
k—1
Lk YR [HVFn (@] - (35)
j=0
Proof: Please see Appendix E. ]

VII. EXPERIENTIAL RESULTS
A. Experimental Setting

To evaluate the FL training performance of the proposed
algorithm for complex datasets and DNNs, we utilize Street
View House Numbers (SVHN) [47] and CIFAR-10 [48]
datasets trained on VGG-11 [49]] for non-IID setting to demon-
strate the test accuracy performance.

« SVHN. SVHN contains over 600000 32x 32 RGB images
in 10 classes (from 0 to 9), which is cropped from pictures
of house number plates.

o CIFAR-10. The CIFAR-10 dataset consists of 60000 32 x
32 RGB images in 10 classes (from 0 to 9), with 50000
training images and 10000 test images per class.

For non-IID setting, we follow the previous work [50] to
distribute the data points in each local dataset. The data
points are sorted by class and divided into two extreme cases:
(a) gm-class non-IID, where each device holds data points
in g, classes, and (b) IID, where each device holds data
points in all of the 10 classes. In this experiment, ¢,, is
randomly generated, and we set the non-IID degree of the data
distribution (proportion of the g,,-class non-IID data points)
as y = 1.

For comparison purpose, we also consider the following
baseline schemes:

« Random Scheduling [26]. The BS uniformly selects J
gateways and the associated devices at random for local
model training in each communication round.

o Round Robin [26]. The BS divides the M gateways and
the associated devices into [%W groups and consecutively
assigns each group to the wireless channels in each
communication round.

o Loss Driven Scheduling. The BS selects J gateways and
the associated devices according to the local training loss
for local model update in each communication round.

e Delay Driven Scheduling. The BS selects J gateways
and the associated devices for local model training with
the objective of minimizing FL latency in each commu-
nication round.

Besides, we consider M = 6 gateways, N = 12 de-
vices, and J = 3 channels. Each gateway is designed to
be associated with 2 of the devices. For each device, the
local dataset size D,, is uniformly distributed within (0, 2000],
EPmax — 5 J GDmax — 9 GB, fP is uniformly distributed
within [0.1, 1] GHz, ¢P = 16 FLOPs per CPU cycle [51], and
v2 = 10?7, For each gateway, d,, is uniformly distributed
within [1000,2000] m, ES™> = 30 J, G&™>* = 4 GB,
fg’max = 4 GHz, gb% = 32 FLOPs per CPU cycle, vm =107,
and P7* = 200 mW. The channel parameters are set as
do=1m, v=2, B*=1MHz, B =20 MHz, Ny = —174
dBm/Hz, hg = —30 dB, PBS =1 W, the uplink and downlink
interferences iy, ;(t) and ifm ;(t) are produced by the Gaussian
distribution with different variances, and the channel power
gains p!, , (t) and pf, , (t) are exponentially distributed with
unit mean. For local model training, we set local epoch K = 5,
training data sampling ratio a = 0.05, and learning rate
B = 0.01. The memory usage and FLOPs for the DNN
layers trained at the device and gateway side can be calculated
according to Table In addition, the values of L,,, o,, 0,
and p,, are estimated by observing the model parameters in
the FL training process.

B. Performance of Device-specific Participate Rate Policy

To demonstrate the derived device-specific participation rate
linked to FL performance in Section we compare our
derived participation rate of each gateway and the associated
devices in with the experimental value on SVHN and
CIFAR-10 datasets, as shown in Figl?] Note that the derived
value is calculated based on the upper bound of the divergence
between the local model parameters learned in the FL training
process and the model parameters learned in the centralized
training process, i.e., |[w!, — v%!||, while the experimental
value is obtained by observing ||w!, — v*!|| in the training
process. First, Fig[2] shows that the derived participation rate
of each gateway and the associated devices is consistent with
the experimental value, which justifies the divergence bound
in Theorem [I] Second, Fig[2] shows that the 1-th gateway and
the associated devices can achieve the highest participation
rate. This is because we set each device associated with the
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Fig. 2: The derived and experimental participation rate of each gateway and associated
devices on (a) SVHN and (b) CIFAR-10 datasets.
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Fig. 3: Test accuracy comparison between the proposed device-specific participation
rate policy and the baseline device scheduling policies (i.e., Random Scheduling policy
and Round Robin policy) on (a) SVHN and (b) CIFAR-10 datasets.
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Fig. 4: Test accuracy comparison between DDSRA algorithm and the baseline schemes
on (a) SVHN and (b) CIFAR-10 datasets.

1-th gateway a local dataset with a wider variety of the g,-
class non-IID data points, which makes the data distribution of
the devices associated with the 1-th gateway better represents
the overall data distribution. In addition, Fig@ shows the
comparison of the test accuracy between the proposed device-
specific participation rate policy, Random Scheduling policy
and Round Robin policy on SVHN and CIFAR-10 datasets. It
can be observed that, with the same number of participant gate-
ways and associated devices in each communication round,
the proposed device-specific participation rate policy achieves
better learning performance than the baseline schemes with
fairness guarantee. Compared with Random Scheduling policy,
the proposed device-specific participation rate policy reduces
the number of communication rounds required for convergence
by 35% for SVHN dataset, and improves the test accuracy by
6% for CIFAR-10 dataset.

C. Performance of DDSRA Algorithm

Fig[] and [3] show the test accuracy and the training delay
comparison between the proposed DDSRA algorithm (with
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Fig. 5: Training delay comparison between DDSRA algorithm and the baseline
schemes on (a) SVHN and (b) CIFAR-10 datasets.

V = 0.01,1000, and 10000) and the baseline schemes, i.e.,
Random Scheduling, Round robin, Loss Driven Scheduling,
and Delay Driven Scheduling. First, we can observe that a
smaller V' can lead to a better FL. performance but a higher
FL training delay. It reveals that a smaller V' guaranteeing
the proper participation rate of each gateway and associated
devices can obtain a higher test accuracy while prolonging
the training delay, which conforms to Theorem [2] Second, it
can be observed that, with limited energy supply and memory,
the proposed algorithm can achieve an obvious advantage on
test accuracy and convergence rate than baseline schemes.
Compared with Round Robin, the DDSRA algorithm with
V = 0.01 reduces the number of communication rounds
required for convergence by 53% for SVHN dataset and 78%
for CIFAR-10 dataset, and improves the test accuracy by 22%
for SVHN dataset and 37% for CIFAR-10 dataset, respectively.
The intuition is that the proposed DDSRA algorithm guaran-
tees a proper participation rate of each gateway and associated
devices, which makes the local datasets with better data distri-
bution more involved in the FL training process. In addition,

the joint communication, energy and memory resources allo-
cation circumvents the local model training and transmitting
failure due to the shortage of energy and memory, as such the
gateways and devices can participate in more communication
rounds to improve FL performance. Meanwhile, the baseline
schemes fix the transmit power, computation frequency and the
DNN partition point in the training process, as such devices
and gateways often fail to complete the local model training
and transmitting due to energy shortage. As a result, the low
participation rate degrades the FL learning performance. Third,
Fig[3] shows that the proposed DDSRA algorithm achieves
a much less FL latency than the baseline schemes, and the
advantage of DDSRA algorithm is increasingly obvious as the
communication round elapses. Compared with Loss Driven
Scheduling, the DDSRA algorithm with V' = 0.01 reduces
the training latency by 26% for SVHN dataset and 23% for
CIFAR-10 dataset, respectively. Compared with Delay Driven
Scheduling, the DDSRA algorithm with V' = 0.01 prolongs
the training latency by 6% for SVHN dataset and 7% for
CIFAR-10 dataset, while improving the test accuracy by 7%
for SVHN dataset and 17% for CIFAR-10 dataset, respectively.

Figlf] shows the participation rate comparison between the
proposed DDSRA algorithm (with V' = 0.01,1000, and
10000) and the baselines. First, it can be observed that for
CIFAR-10 dataset, the 1-th, 4-th and 5-th gateways and the
respective associated devices rarely participate in FL training
process in the Loss Driven Scheduling. This is due to that
the local datasets at the devices associated with the 1-th, 4-
th and 5-th gateways are assigned with a wider variety of
the non-IID data points than the other devices. That is, the
1-th, 4-th and 5-th gateways and the respective associated
devices are removed from the FL training process by the
Loss Driven Scheduling since they achieve a lower train-
ing accuracy in each communication round. Second, Delay
Driven Scheduling excludes the 4-th gateway and its associated
devices from the training process due to long transmission
distance to the BS. This reduces the training latency at the cost
of degrading the FL performance. Meanwhile, the proposed
DDSRA algorithm saves the slow gateways and devices from
being excluded from FL training process. To complete the FL
training with limited harvested energy, the DDSRA algorithm
lowers computational frequency and transmit power for the
offloaded local model training and model transmitting, which
improves the FL performance but increases the FL training
latency. Third, the proposed algorithm achieves a much higher
participation rate than the baselines, which contributes to the
better learning performance as shown in Figld] In addition, it
can be observed that a smaller V' encourages more gateways
and devices participating in the FL process, which leads to
a better FL performance. The experiential results shows that
the proposed algorithm can not only save the slow devices
from being excluded from FL training process, but also involve
important devices in more communication rounds on the track
of low latency by setting a larger participation rate for the
important devices.
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Fig. 6: Participation rate comparison between DDSRA algorithm and the baseline
schemes on (a) SVHN and (b) CIFAR-10 datasets.

VIII. CONCLUSION

In this paper, we develop a communication-computation
efficient FL framework for resource-limited IToT networks
that integrates DNN partition technique into the standard
FL mechanism. By jointly optimizing the DNN partition
point, channel assignment, transmit power, and computation
frequency, the proposed DDSRA algorithm can be applied
in a wide variety of device heterogeneity scenarios. With
the developed device-specific participation rate, the DDSRA
algorithm is robust against data heterogeneity by involving
more devices with better data distribution over more commu-
nication rounds. Thanks to the layer-level memory usage and
FLOPs calculation model, the DDSRA algorithm is widely
applicable to other large-scale DNN models. Furthermore, we
characterize a trade-off of [O(1/V), O(v/V)] between the
FL training latency minimization and the degree of which
the participation rate constraint is satisfied with a control
parameter V. The analytical convergence bound shows that
the FL convergence rate can be improved by increasing the
training data size and setting a higher participation rate for

the important devices with better data distribution. Finally,
experimental results demonstrate the developed device-specific
participation rate in terms of feasibility. In addition, it has also
been shown that DDSRA can obtain higher learning accuracy
than the baselines under limited energy supply and memory
capacity.

Several interesting directions immediately follow from this
work. First, this work utilizes FLOPs to approximate the layer-
level training latency and energy consumption. To provide
a more accurate estimate, it is of interest to measure the
latency and energy consumption by the DNN model training
in real-world experiments. Second, due to the feedback loops
in hidden layers, how to adapt the proposed FL framework to
other large-scale artificial neural networks such as Recurrent
Neural Network remains challenging.

APPENDIX A
PROOF OF THEOREM [I]

Before we show the main proof of Theorem [I] we first give

Lemma [2] below.
Lemma 2: For any local epoch k& and communication round
t, we have

‘ wht — | < % ((BLw +1)* - 1) : (36)
and
E|wkt —wht| < —2— ((BL. +1)" —1). (37
[ = wh|| < = (BLa )" =) 6D
Proof: The upper bound of ||w}! — v*!| in li is de-

r1ved by induction. Initially, the upper bound of ||'w vl

in (36) holds when & = 0 since w%! = v". Suppose that (36)
hols at the k-th local epoch. Then accordlng to the update
rule, it can be derived that

ot = 0|t () —sor (59)]
< Jus o () 5 (o) o]
o*) = VF (04| < (14 BL) [l = 0"+ . < 2—’;(
(BLn + )"+ — 1). (38)

As a result, the upper bound of ||wk* — v¥*|| in also
holds at the (k + 1)-th local epoch. This concludes the proof

of (36) in Lemma [2]

Note that from Assumptlon [} it can be derived that
EHVF VE, (k) H < —2u__ Similarly, the upper
w') = e y, the upp

bound of EHwk bkt || can be obtained by induction. =
Based on Lemma |Z[, it can be derived that

~t amn n ~ K.t K,t
H'LU — E —_—=w, — v
Z amn n

amn n ~K,t
DB (E
Z amn n

t Kt
—v

)

-1). (39

2w e WL =l

This concludes the proof of Theorem [I]
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APPENDIX B
PROOF OF LEMMA[I]
First, from (T4), we have

Qum(t+1)? < Qu(t)’ + (T — 15,)° +2Qum (t) (T — 14,). (40)

Next, by moving Q,,(t)? to the left-hand side of , dividing
both sides by 2, summing up the inequalities from m = 1 to
M, and taking the conditional expectation, it can be derived
that

AE() < D E{Qum(t)(Tm —

meM
o1 S E{F +18°
2 m m
meM

Note that 1, = >°, 7 I ;(t). Given constraints C1 and C3,
ie, I ;(t) € {0,1},Ym e M,j € J, and }_; 71m ;(t) <
1,Vj € J, it can be derived that 0 < ]lfn2 < 1. Thus, the

upper bound of the conditional Lyapunov drift AZ(¢) can be
derived as

- 1 t
AZ(1) < 5 S T4+ E{Qum()(Tm—15)]Q1)}. (42)

meM meM

1,)|Q(t)}

Q) (4D

This concludes the proof of Lemma

APPENDIX C
PROOF OF THEOREM

Before we represent the main proof of Theorem [2] we first

give Lemma (3| below.

Lemma 3: For any ¢ > 0, there exists an IID policy 7’ such
that

E{r@#)r'} <™ +¢, E{l,|r'} >Tm—c.

Proof: Given any ¢ > 0, we can note that there exists
a policy 7% which meets all of the constraints in PO and

3 LI E{r(®)]n}] < @+, and

(43)

yields that limy,oq inf | £ 527
limr_, o sup [% ZZ:OI E{Ilfn|7r0}] > T, — . For a integer

To, it can be derived that

1 To—1 0 t

-~ < o™

AT ROl < 6 4, @
1 To-1 t 0

—_— > —G.

T E —o E{l,,|m} >Tm —¢ (45)

From [3]], we can note that there exists an IID policy 7’ such
that

To—1
1

T Z E{[r(t), 1}, ..., 1%]

t=0

71'0} = E{ [T(t), 18, ..., IL%{} { 7r/} .
(46)

Thus, by plugging (@6) into @ and (@3), we have @3). m

Next, from Lemma [1| we have

Av()<H+Y E{Vr(t) + Qu(t)(Tm—15)Q(), 7'} . (47)
meM
Plugging (@3) into the right-hand-side of @7), letting ¢ — 0,
and taking expectation of both sides, we have

E{E(t+1) - E@®)QM)} + VE{r()|Q(t)} < H + V™. (48)

By summing up form ¢t =0 to T' — 1, and dividing both
sides by T" and V', we have

T
Zt:1 7(t) < sOopt

H | E{Z(0) - E(T)}
T - 2

+ % VT ) (49)

16
which concludes the proof of .
Next, from (@8), it can be derived that
AE(t)) < H + V(™ — ™), (50)
i ming,, ~n L, o140
where 7Mi" = K e {Dn} Sizy (o1-+0) +v/B"/

min{min,en {¢% 2} minmea{¢S, fri"*}}
P:‘Xh%‘j d PBh;in,j

1oe: (1 ! <B"No+f:;,j>> /B oy | 1+ <Bwo+z;z,j>>'

By summing up from t = 0 to T' — 1, taking expec-

tations, dividing both sides by T, and recalling that =(t) =

23 e @m(t)%, it can be derived that

Z E{QT;_‘(T)Q} < H+V(§00pl _ Tmin)+z E{QT;—‘(O)Z} (5])

meM memM

Thus, for each gateway and the associated devices, we have

E{Qn(T)%} E{Qm(0)*}

opt min
o SHAV(E™ -+ Y S (5)

meM

By dividing both sides of (52) by 7', and taking the square
root of both sides, we have

E{Qm(T)} < \/H =+ V(@Opl — Tmin)
T T

3y B0 (o

T2
meM

From (T4), it can be derived that
Qum(t+1) > Qu(t) — 1y, + . (54)
Note that E{Q,,(0)} < co. By summing up (54) from ¢t =0

to T' — 1, taking expectations, and dividing both sides by 7T,
it can be derived that w >T,, — % tT;()l]lfn. Thus,

from (33), we have

T-1 -
1 . H_A'_V(@opt_Tmm)
t=0 meM

> BT (s,

This concludes the proof of (33).

APPENDIX D
PROOF OF THEOREM 3]

Before we show the main proof of Theorem [3} we first give
Lemma [] below.

Lemma 4: For any local epoch k£ and communication round
t, we have

Kt k.t

Hw oot < % ((ﬂL F1)k - 1) —Bok, (56

~k,t ket
E Hw —w

En —

1 On k
<7 <7§v§nm> ((ﬂL—i— 1) 1)
ZmeM Fmam,nDn

D,
+ Bk <Z pn> .6
neN ZmEM Fmam,nbn :

neN ZnEN D,

Proof: In this_proof, we first derive the upper bound of
|wht — vkt |L in (56) by induction. Initially, the upper bound
of ||w"* —v™|l in (56) holds at k = 0 since w”! = v".
Suppose that holds at the k-th local epoch. According to
the update rule, it can be derived that

wht k- 7ZfDn ZnD" (VFn (wﬁ’t)

o (o) oot [ )

where &, =

k+1,t k+1,t
Hw+,_v+,
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_VF, (vk,t) < Hwk,t _ bt + BL
< Hwk’t _ ot (BL+1)F —gs< 2 ((BL FR 1)
— Bo(k+1). (58)

As a result, the upper bound of Hw’“’t — vk’tH in also
holds at the (k4 1)-th local epoch. This concludes the proof

of (36) in Lemma [4]

Next, we obtain the upper bound of E||w

“hyt _
by induction as follows. In1t1ally the upper bound OL

kt|

E||wh! — wk'|| holds at k = 0 since w3’ = wd’. Suppose
that the upper bound of IEH'w —wk! (U 1) holds at the
k-th local epoch. Thus, it can be derived that
R B O i i L
wﬁt) wkt"'BZZ VE, ( ) SHwk,t_wk,t +8
Hzi%fﬁﬁf&VE@T)ibth&@V>
< [@ - w (VE ~VE (@) +VE(
~ﬂvwkw;gmg;,@mw<>
< H ~kt

Z]lamnf? D,
ZZlamﬁ ZD

(o7

ZZZBJLZZ:”” (VEn () =9 (w1:7) ) | +6
ﬁ;ﬁt) ( ))Zzzl]l:z:nrin JrﬁZ'VF

2 Lm0 D Dn < |+t -
(gt~ L) <o
Hsgﬁzjnwﬂ<>Vquww
() o o Bt 2.

(59)

HVF" (wﬁ’t) .

Based on in Lemma [2] and Assumption [I] we have

Hmkﬂ,t —whtlt < Hﬂ)kt ( (
:[]- m ’VL n
(BLy +1)* — 1 2 L@ 2
Z Z ]lt amn n
1 m, nDn
2 Lma pn. (60)
Zn Zm 1¢ am,nDn

By taking expectation of both sides, we have

E ‘.wk+1,t —w | <R Hﬁ)k,t _ 1] 0'21
n /Dn
Lo +1)* | 1
(BLn +1) 3 5 Dnl|” (61)

Plugging in Lemma 4] into the right-hand-side of (61)),
it can be proved that the upper bound of E||w"! — w*!| in
(57) also holds at the (k + 1)-th local epoch. This concludes

the proof of in Lemma [4] [ |
Thus, based on Lemma E[, 1t can be derived that

1 On k

7 (5 +D bn ﬁ> (BL+ 1k 1)
D,

ok (14X, o - 5 o)

Based on (62), the detailed proof of Theorem 3] can be found

in [32].

Skt
EHw

(62)

APPENDIX E
PROOF OF THEOREM [4]
First, due to F'(w) is L-smooth, it can be derived that

F(”“) —F (")
||wt+1 ®'||* + (VF (@), %" —@').  (63)

Taking the condltlonal expectation on both sides of (63), we
have

B[P (@) 0] - F (@) < 38 [|o ||

+(VF (@") ,E [0 —w'|w']). (64)
Second, according to the update rule, we have
) -
E [F (,thJrl) } wt] _F (’lIJt Lﬂ Z ]lmam nDn
Z Z ]lmam nDn
K—1 2
SovE(wht)| @t |+ <VF (') ,E [,3 3 Z VFn(u”;f;t)
k=0 n k=0
S hamaDn | LB’NK e ey
S than D] = B2 |7 (@)
Zm]]jnam,nbn : ~ Z ]]. am nD KZ_I
Zan]-gnammDn Z 1t am,n D

N -t :Lﬁ NK 9 [
VF (@) | |, VF (@ )> : ;kzzognﬁ |V (1)
H2 wf}+<VF ") 7—521{215& [V Fu (@) u}t]> (65)
n k=0
Note that &, = Zmep PmminDn_ . Taking the expecta-
tion on both sides ng (]é:?[)

vem I'm@m,nDn
K-1
)] < LﬂQQNKZZ éiE{HVFn(mﬁ,t)

we have
W}<m~ SN IE Hﬂ%”?‘
S CHINED

E[F(@'")]-E [F (@'

-1

Z “VF 5 IE< > 6 VE (5,
n k=0 =0 n
VF (@) >] : (66)
Note that

E <VF(11;t) : —zn: €.VF, (wf;t)>] =E
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g}

—VF(w —E [(VF(w

), VE(@"))]

+E <VF (@'),VF (@') - 3 €. VF, (wﬁﬂt)ﬂ g——E[H
vF() ]+ 3E ) =2V En (@) 2]g—;15[y|
F@)]+ 5 znjszxa [Hw (@) - v (@8] < -3
E[|vF (mf);ﬁhgéjgmm U)mt } <Lg[|[vr(
) |2]+%;sszﬁ2E 5o (o) 1< tefjor
') | ]+—Z§n 28 kZEU]W (! )H } 67)

Plugging (67) into the right-hand-side of (66), we have
E[F (w')] —E[F (@0')] < @ZHZZ(;&E[HVH
(o) [ = 2 or @) ]+ 5 2
DI [HVFn ()]

Finally, by summing up (68) form ¢t =0 to 7' — 1, we have

72 E[IVF @)[] < oz (B [F (@) -E [FW)D
SIS S [ve @) - e
> Y aneey e[ (@)

KT
This completes the proof of Theorem [4]

& LB’

(68)

(69)
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