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Abstract—In wireless federated learning (FL), the clients need
to transmit the high-dimensional deep neural network (DNN) pa-
rameters through bandwidth-limited channels, which causes the
communication latency issue. In this paper, we propose a layer-
wise adaptive modulation scheme to save the communication
latency. Unlike existing works which assign the same modulation
level for all DNN layers, we consider the layers’ importance
which provides more freedom to save the latency. The proposed
scheme can automatically decide the optimal modulation levels
for different DNN layers. Experimental results show that the
proposed scheme can save up to 73.9% of communication latency
compared with the existing schemes.

Index Terms—Federated learning (FL), latency, modulation

I. INTRODUCTION

Federated learning (FL) is a promising learning framework
[1] where only the deep neural network (DNN) parameters
rather than the source data will be uploaded to the server,
which enhances the data privacy of users. However, since
large-size DNN parameters are transmitted through bandwidth-
limited wireless channels in every communication round and
a number of communication rounds are needed, long latency
becomes a critical bottleneck for wireless FL.

Existing works tackle the latency issue mainly from two
aspects. From the aspect of learning techniques, fast con-
vergence, model quantization and sparsification are proposed.
The authors of [2]-[4] analyzed the convergence rate of FL
and proposed methods to reduce the number of communica-
tion rounds in FL. The authors of [5]-[7] proposed model
sparsification to reduce the number of communicated DNN
parameters. The authors of [8]-[10] proposed quantization to
reduce the bit-width of every DNN parameters. The reduction
of communication rounds and parameter size can help reduce
the communication latency. From the aspect of communi-
cation techniques, traditional adaptive modulation schemes
[11], [12] adjusted the modulation level adaptively, where
high modulation level is adopted when the channel has a
high signal-to-noise ratio (SNR) and a low modulation level
is adopted for a poor-SNR channel. It only considered the
channel quality without considering the property of learning.
The authors of [13], [14] proposed new adaptive modulation
method which considered both learning property and channel
quality, but without considering the importance of different
DNN layers and just assigned the same modulation level for all
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DNN layers, which limits the diversity of assigning adaptive
modulation levels.

In this paper, we propose a layer-wise adaptive modulation
scheme to reduce the latency of wireless FL. For different
training stages and channel quality, not only the DNN adopts
a optimized modulation level, but also every layer in that
DNN can decide its optimal modulation level, which gets more
freedom for modulation levels assignment and enhance the
saving ratio of latency. The contributions of this paper are
concluded as follows:

1) We investigate the importance of different DNN layers and
quantify their importance by the eigenvalue of the hessian
matrix for the given layer.

2) A modified convergence analysis of FL is introduced by
taking the layer importance into the analysis. Based on that,
an optimization problem is built whose target is to achieve
maximum loss drop under given latency.

3) Each DNN layer can decide its own modulation level, which
boosts the freedom of modulation assignment and helps to
achieve more latency reduction.

The remainder of this paper is organized as follows. In
Section II, we describe the wireless FL system and give the
learning performance model and latency model. In Section III,
we formulate an optimization problem and solve it. In Sec-
tion IV, we give our experimental results and discussions.
Finally, we conclude our paper in Section V.

II. SYSTEM MODEL

In this section, we introduce the wireless FL system, and
describe the learning performance model and latency model.

A. Wireless Federated Learning

As depicted in Fig. 1, the FL system contains one remote
server and multiple clients. Basically, FL solves the following
optimization problem [15]:

FW) = 3 fiw), (1)
i=1

where w represents the DNN model with D parameters in
total, n denotes the number of clients, and f;(w) denotes the
local loss function of the ¢-th client.

In wireless FL, both the uplink and downlink communi-
cation channels should be noisy, which introduces communi-
cation error to model parameters. In the r-th communication
round, the global model at the server, denoted as w,, will
be broadcast to the clients. After receiving the global model,
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Fig. 1: FL over noisy wireless channels.

clients will perform E steps of local training based on their
local dataset The loeal updating process can be modeled as

r,e+1 vaz( ) €= 0 -1 (2)

where V fz(w,i(,) represents the stochastic gradient computed
from the local mini-batch datasets. And the first step of local
training is based on the received noisy global model, which
means

=W, (3)
where w,. denotes the model with communication noise. Upon

completing E steps of local training, the ¢-th client obtains the
local model update as

i
Wro

Awi = wi’E — wfnyo. 4)

Then, the server aggregates the noisy local model updates by
I 5
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Above process iterates until FL converges.

B. Learning Performance Model

Due to the fact that the server can support high trans-
mitting power, in this paper, we assume the downlink has
little communication error and only focus on the error in
the uplink channels. For FL. with uplink communication bit
errors, from [16], the global training loss drop of two adjacent
communication rounds can be formulated as
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Summing (6) over communication round r =0, ..., R — 1, we
get the training loss drop for the total learning process:
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Above learning convergence assumes every DNN layer the
same importance. However, in this paper, we consider the

layers’ different importance. As widely used in [17]-[19], the
top eigenvalue of the layer’s hessian matrix can be used to
quantify the DNN layers’ importance. Using H}, to denote the
importance of the k-th layer, (7) can be updated into
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The second term on the RHS of (8) captures the square error
of model updates which is a function of BER as shown in
[20]. In this work, the BER is impacted by the modulation

levels and their relationship can be formulated as [21]

maxz(M/4,1) .
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The authors in [13] only consider the limited cases of (9), i.e.,
when M > 4 and E5/Ny > 1. But in this paper, we consider
the general cases without special requirement on modulation
levels and E/NO.
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Based on above relationships, we can get the relationship
between learning performance and modulation levels.

C. Latency Model

The latency of wireless FL comprises three parts: downlink
broadcasting, local computing, and uplink transmission. As-
suming BPSK is used in downlink broadcasting, the latency

can be calculated as DN

T, = 2B, (12)
where N denotes the bit-length of each DNN parameter,
and B, denotes downlink bandwidth. Assuming OFDMA
technique is used in uplink communication and each client
is assigned with a bandwidth of B,, the latency of one client

for uplink transmission can be obtained as
l
DpN
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where [ denotes the DNN layers and Dy, denotes the parameter

size of the k-th layer. And the local computing latency can be
calculated as

13)

(14)

where V' represents the volume of the local training data,
C denotes the required operation cycles for processing one
training data, and f denotes the frequency of the computing
unit.

For the entire training which consumes R communication
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III. PROBLEM FORMULATION AND SOLUTION

In this section, we will formulate the latency issue of FL
into an optimization problem and then solve it.

A. Problem Formulation

We define the objective function of low-latency FL as
(10), where the numerator captures the loss drop and the
denominator denotes the total time cost of R communication
rounds. The meaning of (10) is to gain the biggest loss drop
at the given time cost. With high modulation level, the time
cost in the denominator can be reduced, but the loss drop in
the numerator will also be reduced, which shows the trade-off
between latency and learning performance.

However, (10) is just an ideal objective function because
whose solution relies on the overall information of all clients
and of all communication rounds. In practice, each client needs
to make real-time decision without knowing mutual and future
information. So we modify (10) into (11) to make it practical,
which only requires the information for a given client in the
current communication round.

B. Problem Solution

First, to quantify the DNN layers’ importance, the power
iteration method [22] can be used to simplify the calculation
of top eigenvalue.

Then, given the objective function of (11), by choosing
different modulation levels for different DNN layers, we can
get different value of (11). Considering the fact that the
modulation levels are discrete integers, like [2, 4, 8, 16]-
PSK for example, we can find the optimal solution of (11)
by enumeration.

For [- layers DNN model, each layer can be assigned with
the provided 4 different PSK modulation schemes and the

searching space is 4!. When [ is large, it will take noticeable
time to find the optimal solution. To tackle this issue, we
further propose a group method for very deep-layers DNN.
The layers having similar importance score will be assigned
with a same modulation level. Take the 20-layers DNN for
example, the original searching space is 420 which is too huge
to find the optimal solution. But if the layers are divided into
5 groups based on their importance, the searching space will
be reduced into 4% which is easy to solve.

IV. EXPERIMENTS AND DISCUSSIONS

In this section, we conduct experiments to verify the
performance of the proposed layer-wise adaptive modulation
scheme.

A. Experiment Settings

The communication settings are similar to the “AM” [14].
And we considered three sets of FL tasks: MNIST [23]
dataset classified by LeNet-300-100 [24], Fashion-MNIST
[25] dataset classified by vanilla CNN [26], CIFAR-10 [27]
dataset classified by ResNet-20 [28]. The datasets were split
in an identical and independently distributed (i.i.d) manner.
The local training was configured with a learning rate of 0.01,
using the SGD optimizer. The number of local training steps
was set to 5.

B. Results and Analysis

Fig. 2 shows the experimental results of Fashion-MNIST.
The results of MNIST is similar, so we omit its figures due to
page limit. Fig. 2(a) shows that the proposed scheme consumes
least latency for achieving the same test accuracy since it
has more freedom to change the modulation for each layer.
Fig. 2(b) shows how learning accuracy improves with commu-
nication rounds. Fig. 2 (c) shows how the modulation levels
of every layer changes during training. It can be observed
that the first and last layers (CV1 and FC2) generally adopt
higher modulation levels than the middle layers (CV2, FC1).
This can be explained that the first and last layer are the
more important layers which determine the input feature and
output result. So low modulation levels are preferred to avoid
errors and guarantee the correctness of input and output. And
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TABLE I: Summary of Experimental Results.
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Fig. 2: Experiment of Fashion-MNIST.
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Fig. 3: Experiment of CIFAR-10.

from Fig. 2(d), the parameter size of the first or the last layer
is very small compared with the middle two layers, so the
low modulation levels in the first and last layer introduces
negligible latency.

In the CIFAR-10 experiment as shown in Fig. 3, the layers

for ResNet-20 is 20. So the layers group method is adopted to
divide 20 layers into 5 groups. The first eight layers and the
last layer are assigned with low modulation levels due to their
importance and small size. The middle layers, especially for
the [16-19] layers that have large parameter size are assigned
with high modulation levels for saving latency purpose.

Concluding all the three experiments, the first and the last
layer with higher importance and smaller parameter size are
preferred to be assigned with low modulation levels. The mid-
dle layers generally with less importance and larger parameter
size are suggested to assign higher modulation levels.

The detailed data for performance comparison is summa-
rized in Table. I. The comparison is based on the latency for
achieving a given test accuracy. Since the test accuracy of
“16PSK” is too bad, there is no need to compare with it and
thus not listed in the table. The proposed scheme is compared
with “2PSK”, “4PSK”, “8PSK”, and “AM”. The saving ratio
is for the proposed scheme comparing with the “AM” scheme.

C. The Cost of Computing Hessian Eigenvalue

The proposed layer-wise modulation scheme needs to cal-
culate the hessian matrix of every layer, which introduces
extra latency. The hessian value calculation is equivalent to
one further step of differential on gradients [29]. So the extra
overhead of hessian calculation is same as one extra step of
back propagation. Due to the advanced Al hardware like GPU
and Al chips, the latency bottleneck is more on communication
side rather than computation side [30]. So the one step of back
propagation will not introduce noticeable latency compared
with the overall latency.

V. CONCLUSION

In this paper, we investigated the latency issue of wireless
FL. By theoretically analyzing the impact of modulation on
learning performance and latency, we formulated an optimiza-
tion problem and proposed the DNN layer-wise adaptive mod-
ulation scheme. The proposed scheme can adjust the uplink
modulation levels for every DNN layer individually, which
can achieve a good trade-off between learning performance
and latency.
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