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Abstract. Federated Learning is a decentralised network platform
where the edge nodes train their local models and send their updated
weights to the server. The server combines all the various local weights
received and sends the aggregated model back to the edge nodes for fur-
ther training, and this process continues until convergence is achieved.
This study models the Federated Learning (FL) network. The Traf-
fic speed (TS), Round trip time (RTT), and Bandwidth delay-product
(BDP) parameters have been considered for modelling the Federated
Learning network. Through experimentation, it can be inferred that the
TS has a high impact and high correlation on the BDP within the net-
work, and the RTT has a low impact on the BDP. The decentralised and
classical machine learning models’ predictions have been compared. It
has been observed that the decentralised machine learning model’s pre-
diction outperforms the classical machine learning model’s prediction.
The link experiences low latency because only the updated weights are
transmitted within the link and not the raw data.

Keywords: Federated Learning - Bandwidth delay product -
aggregate model - Round Trip time - Traffic speed

1 Introduction

Federated Learning is a decentralised Machine Learning framework where the
edge nodes train their local models and send their updated weights to the server.
The server combines all the various local updated weights received and sends the
aggregated model back to the edge nodes for further training. This process con-
tinues until convergence is achieved [1]. The authors in [2] used the Network
traffic Federated Learning extreme Learning machine models to analyse local
network traffic data. Their model achieved a higher accuracy when compared
with their benchmark models. The authors in [3] have used stochastic models,
optimisation models and differential equations to model the optimisation of the
federated Learning network. The stochastic models have been used to resolve
uncertainty and variability data issues, while the convergence and stability chal-
lenges have been resolved using the deterministic models. This study discusses
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the modelling of the network of queues of the federated Learning platform while
considering the Bandwidth delay product (BDP) as a performance metric.

The authors in [4] discuss that Federated learning is a method in machine
learning where a model is trained across numerous distributed edge devices or
servers, each containing its own set of local data samples, without disclosing these
data. This approach safeguards data privacy by storing it locally on a server
or edge device during the model training process. Given legal constraints, this
technique holds particular significance for hospitals, as it enables collaborative
machine learning model development without transferring all the training data,
such as patient records, to a centralised location. According to the authors in [5],
Federated learning emerges as a privacy-centric approach to machine learning,
which finds valuable application in intelligent healthcare. It involves orchestrat-
ing multiple hospitals to conduct deep learning training collaboratively without
exchanging data. This federated learning technique standardises the individual
training procedures by globally averaging feature vectors. Throughout the feder-
ated training process, the transmission of model parameters is unnecessary, and
local clients merely upload the average feature vectors of each class. Clients can
opt for distinct local models based on their computational capacities.

The authors in [6] discuss that Federated learning enables deep learning algo-
rithms to gain insights from a wide range of data present in various databases.
This innovative approach allows deep learning models to be trained using local
patient data from different medical centres, with only model parameters shared
among the facilities. The authors in [7] discuss that Federated Learning is the
evaluation of models in a decentralised platform where the communication cost
is reduced because only the updated weights of the local models are sent to the
server. It can be inferred from their research that the Long short-term memory
models considered for the federated Learning network have been five times faster
in achieving prediction values than the centralised network. The authors in [§]
discuss that the FL model has been used to aggregate the updated weights from
health institutions (electronic records and primary & secondary health centres).
The FL evaluation of the dataset has provided data privacy and security for
health institutions.

It can be inferred from [1-8] that the FL technique enables data training
while the dataset is domiciled at the local edge device. This method provides
privacy for the data and reduces the communication cost of the network. Figure 1
and Fig. 2 depict the architecture of the decentralised and centralised network,
respectively. The decentralised network only sends the updated weights to the
server for aggregation, unlike the centralised network, where the raw datasets are
sent to the server in the cloud for analysis. The decentralised network provides
data privacy and security since the server in the cloud does not see the raw
dataset for evaluation.

Our Contribution. Our paper models the FL network as a network of queues
within a federated learning network, considering the network’s Bandwidth delay
product (BDP), Traffic speed and round trip time (RTT) as a performance
metric. The convergence of decentralised and the classical centralised models
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has been compared. The decentralised model converged better than the classical
centralised model. It has been observed that comparing the decentralised and
centralised networks, the Bandwidth delay product of the decentralised network
has been able to match a higher proportion of the predicted BDP with the
original BDP values. Section 2 discusses the related works. Section 3 discusses
the methodology adopted in conducting this research, while Sect. 4 discusses the
results obtained from the experimentation. Section 5 narrates the conclusion and
the Area of further work.

2 Related Work

The authors in [9] discuss that the congestion window within a network link,
where the bandwidth capacity and the round-trip time (RTT) are considered,
requires a maximum transmission rate and minimum delay scenario for optimal
operation within the network. It can be inferred that the higher the transmission
rate, the lower the delay within the network. The authors in [10] discuss the
communication cost of the FL network reduction by introducing the federated
sparse compression (FSC) algorithm. It can be inferred from their research that
better generalisation and prediction have been achieved by using CapsNet to
train data in edge devices. The authors in [11] have investigated bottleneck queue
level (BQL) performance in a high bandwidth-delay product link. It has been
observed that varying the RTT within the network has a very minimal effect
on the link performance. They further iterate that the packet loss experienced
within the network does not affect the congestion control performance.

The authors in [12] used the content popularity prediction of privacy-
preserving (CPPPP) scheme based on federated learning and Wasserstein gen-
erative adversarial network (WGAN) to improve the cache hit ratio and resolve
the data leakage during model training in an FL platform. It can be inferred
that the transmission time using the FL scheme for caching has been reduced.
[13] discuss that using Federated averaging + CNN + MobileNet models for the
classification of breast cancer images has improved the classification accuracy
of breast cancer detection using the federated averaging +CNN model. It can
be inferred that their model classification results outperformed other centralised
network models. According to [14], FL has been used to analyse chest X-ray
images. The federated averaging models have been able to classify the infected
lungs and healthy lungs from the image datasets. It can be inferred that their
proposed model has reduced the bias in the prediction models because it com-
bines all the updated weights and features of the various edge node models.

The authors in [15] discuss the slow convergence of Mobile edge nodes using
Federated Learning for heterogeneous nodes. Their research results outperformed
the existing centralised network in resource usage, accuracy, and convergence.
[16] discuss that they analysed an Augmented Intelligence of Things (AloT)
network using BDP for a heterogeneous platform, and they affirmed that their
solution improved the network’s transmission rate by a factor of 3.72. The down-
load rate has been boosted by 3.94 fold. Their solution improves the data trans-
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mission rate by reducing the round-trip time’s impact and boosting the conges-
tion window optimisation when data loss is experienced. It can be inferred that
when the solution reduces the impact of the round-trip time within the network,
the bandwidth-delay product is invariably affected positively. According to the
authors in [17], many cache misses are experienced when the network’s latency
increases. Bandwidth and BDP capacities increase, which invariably results in
about a 24% drop in throughput-per-core. [18] discuss that within a centralised
network, when the RTT varies, as soon as the RTT drops below half of the
average RTT, the bottleneck bandwidth round-trip propagation time (BBR)
experiences payload collapse because of the congestion within the network.

3 Modelling of the FL Network

The BDP has been the performance metric for the accuracy of the federated
Learning Network. The modelling has been achieved by making some assump-
tions to obtain the performance metric. The modelling Assumptions are the
following;

The Arrival of the local model from the edge nodes is independent of each
other and discrete events.

The Arrival rate of the local models follows Poisson distribution.

The inter-arrival rate time is independent, and we assume the service rate
is said to be exponentially distributed. The edge nodes of the FL network link
experience delay. This delay and bandwidth are represented as d_i and b_i, respec-
tively, for the edge node.

Let b_i represent the effective bandwidth of the i** node.

Let d_i represent the effective delay of the i*"* node. The effective bandwidth
of the server node of the Federated Learning network is represented as BW _ef f
and the delay at the server node is represented as DL _ef f

Let BW _ef f represent the effective bandwidth at the server.

Let DL_ef f represent the effective delay at the server.

k
> bl = by|min;(d])d; (1)
j=1

(Bi, D;) = (Z blmin;(dl)) (2)

Equation 1 represents the summation of the bandwidth for the edge nodes that
experience some delay. Equation 2 depicts the aggregate effective bandwidth and
effective delay at the edge nodes. BW, ;s = min(Bs, B;)

DL.ss = (D, D;)
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Fig. 1. Architecture of the Federated Learning Network

The Bandwidth Delay product can be calculated as

BWess x DLegs =Y _min(Bs, B;) x Dy Y D;

i=1 i=1

n k n
= (S min B, Y8/ | x D, Y min (dgf) (3)
i=1 j=1

i=1

Equation 3 shows the product of the effective bandwidth and delay at the server
node and the aggregate bandwidth and delay at the edge nodes. It can be inferred
that the product of the bandwidth, measured in Megabits per second (Mb/s)
and the delay, measured in seconds (s) within the federated learning network,
produces the total packets transmitted within the network.
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Fig. 2. Architecture of the Centralised Network

3.1 Methodology

The network was emulated using the GNS3 network tool, and the network archi-
tecture is shown in Fig.1. The architecture has 3 tier layers. A Testbed has
been set up, and the network’s Traffic speed (TS) and round trip time (RTT)
have been captured for analysis. The performance of the edge nodes, combined
and classical machine learning models for the bandwidth-delay product has been
investigated, and the predictions of the combined and classical models have been
analysed. The generated data have been sent to the second tier layer contain-
ing the MEC nodes. The captured datasets are numerical. They were collected
for a duration of Ninety days using the Paessler PRTG network monitor soft-
ware installed on The database server within the network. The data has been
pre-processed using the Python sci-kit library to remove Not A Number (NAN)
values. These have been trained, and the local model updates have been sent
to the server. The server aggregated all the various models from the respective
edge nodes, creating a global model. The server sends the combined model to the
edge nodes to train its local model with the new global model until it achieves
convergence.

3.2 Time Complexity

The Big O notation is used to determine the time complexity of the Model
mathematically.
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The iteration

n

H= (4)

Taking the iteration to equal 100, which has been used for the training of the
model during the training in the testbed,

n=2H =100

Therefore,
n =100 * 27

taking the logarithm of both sides of the equation and note that 100 is a
constant

logn = log2™

logn=H Xxlogs2, where logs2 =1
logn=H

from the model developed the Big O notation for the FedAve algorithm is
O(logn).

It can be inferred that the time complexity for the model is in order of log n,
O(log n). The Federated averaging time complexity from Eq.4 above evaluation
is time efficient. It can be inferred that the model will be less space-efficient since
time and space complexity are always inversely proportional.

4 Results and Discussion

Figure 3 shows the univariate distribution of the TS, RTT and BDP from the
emulated network. It can be inferred that there is a positive correlation between
TS and the BDP. The RTT shows a bi-modal distribution having two peak
values, and the RTT is skewed to the right, implying the RTT mean values
are more than the median values in the dataset. The bi-modal peaks shown in
Fig. 3 result from the mixture of the samples from the experimentation. Another
reason is the errors within the dataset obtained from the experimentation of the
network. The BDP and TS both show they have a single mode, indicating that a
single sample of the dataset population represents the mean, and the probability
density for the TS and BDP are skewed to the left, indicating the mean for TS
and BDP are less than the median of the dataset.

From Fig. 3, it can be deduced that the correlation between the BDP and
RTT, BDP and TS experience a lot of noise and has a positive correlation. The
chart shows many outliers in the BDP and RTT, unlike the BDP and TS, which
have fewer outliers. This indicates that round-trip time has a low influence on
the BDP. Taking the TS and RTT from Fig. 3 indicates a positive correlation
but a low influence on the BDP due to the high outlier, as shown in Fig. 2. The
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Fig. 3. Pairwise Plot of the Bandwidth Delay Product.

kernel density estimate indicates that the round-trip time is bi-modal while the
traffic speed and BDP are unimodal. Figure 3 shows the pairwise plot to express
the correlation between the variables, and it cannot be conclusive evidence of
the relationship between the TS, RTT and BDP within the dataset. Further
analysis is carried out on the BDP dataset using the federated and classical
machine learning models. The positive correlation between the BDP and TS
indicates a direct relationship. An increase in the T'S will invariably increase the
BDP. The outliers observed from the dataset captured from the experimentation
are caused by the emulation tool used for the experiment. The tool inaccuracies
and challenges caused the outliers.

To further substantiate our analysis of the BDP dataset, a heatmap has
been developed, as shown in Fig. 4. The heatmap gives numerical values to the
correlation between the variables in the BDP dataset. It can be inferred from
Fig. 4 that the correlation value between TS and the RTT is 0.042, substantiating
the findings in Fig. 3 that the correlation between the two variables is very weak.
The correlation value between RTT and the BDP is 0.18, higher than that of
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Fig. 4. Heat map correlation of the Bandwidth delay Product.

RTT and TS, but it also shows a weak correlation between the two variables.
The correlation values between the BDP and TS have a correlation value of 0.99,
which is extremely high, indicating the traffic speed within a federated learning
network can influence the BDP values within the network. The diagonal values
show the correlation of each to itself.

It can inferred from Figs.5 to 28 that the convergence of each edge node
varies for each node indicating the diversity of the traffic within the edge nodes.
Figures5 to 28 show the different epochs at which each edge node converges
indicating the different patterns of the traffic within each edge node. The aggre-
gate model predictions and the Original BDP values are shown in Fig.29. It
can be observed that a high portion of the predictions is very accurate with the
original BDP value. This indicates that the aggregate model can combine the
individual node models and produce an acceptable prediction of the BDP. This
is shown in Fig. 29, where a plot of the predictions against the original BDP
values is shown. It can be inferred that the Federated Learning model can pre-
dict a high proportion of the BDP original values. The research investigates the
predictions of the classical machine learning model, as shown in Fig. 30, where a
low proportion of the predicted BDP values accurately match the original BDP
values. It can be observed from Figs. 29 and 30 that the aggregate model of the
Federated Learning platform has been able to predict a high proportion of the
original BDP values.
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The Aggregate model of the decentralised network outperforms the cen-
tralised machine learning model in the accuracy of the predictions produced,
which can be seen in Figs. 29 and 30. The decentralised model outperformed the
centralised model by producing a higher accuracy of the predicted BDP than the
centralised model accuracy of the predicted BDP as shown in Figs. 29 and 30.

5 Conclusion

This research has investigated the modelling of the network of queues of a fed-
erated learning network. Mathematical modelling of the performance metrics,
such as the bandwidth-delay product, has been used to depict the performance
of the FL network within a federated learning network using GNS3 simulation
for experimentation. It has been observed that the bandwidth-delay product is
an important parameter that affects the convergence of the federated Learning
network. The FL network produced a higher accuracy of the predictions when
compared with the centralised machine learning model using the BDP as a per-
formance metric. The predictions of the decentralised machine learning model
outperformed the classical machine learning model. It can be inferred that the
BDP has a high correlation with the TS, while the correlation of the BDP with
the RTT is rather low. Further analysis of the Bandwidth Delay product can be
investigated using parallel learning models and a comparison with the Federated
split learning model and classical machine learning model.
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