
 

Welcome to the third edition of the IEEE Technical Committee on 
Communications Switching and Routing (CSR Newsletter). This is the 
third issue of the IEEE CSR Newsletter. The purpose of this newsletter is 
to provide specialized information to the members of the CSR and the 
communications community at large, the newsletter aims at inviting the 
authors of successful research projects and experts from the committee 
members and the larger communications community about CSR-related 
research activities to share their experience and knowledge by contributing 
in short news.  This issue continues to bring to you the latest news of our 
technical committee by providing information about our meetings, events 
activities, and members’ news. I would like to thank the colleagues who 
shared with us their latest news.  In this volume, we have selected 3 papers 
on Transfer Learning, Mutli-Access Networks and ML Estimation for 
Discrete-Time systems. 

I hope you will enjoy this issue and I look forward to furthering good 
members’ news to share. 

Scott Fowler 
CSR Secretary and Newsletter editor 

Preface 

TC-CSR 
The objective of the Technical Committee on Communications Switching 
and Routing (TC CSR) is to advance the state of the art in theory and 
applications of information switching and networking by the following: 

 To bring together professionals with interests in various aspects of 
Communications Switching and Routing such as theory and 
architecture (B-ISDN/ATM, optical switching), teletraffic theory, 
mobility and call control, signaling protocol, Intelligent Networks, 
and service features, switching software architecture, 
management, economics, and applications of switching and 
routing systems. 

 To provide a forum for discussion and exchange of technical 
matters among members in the committee meetings, special 
interest group meetings, topical meetings, and workshops. 

 To sponsor technical sessions at conferences and stimulate high-
quality technical papers for conferences and IEEE publications. 

 To organize special issues of IEEE publications. 
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Current Meeting: 

 Meeting at GC 2022 

Location: Online Meeting 

7:00am–9:00am EST, Tuesday, November 29, 2022 

 

Previous Meeting: 

 Meeting at ICC 2022 

Location: Online Meeting 

7:00am–9:00am EST, Tuesday, May 6, 2022 

 

Next Meeting: 

 Meeting TBD, hopefully at the same time as time ICC 2023 

Location TBD 

Activities  
CSR TC Meeting  

Date: Tuesday, November 29, 2022 

Time:  7:00 AM – 9: 00 AM, Online: Zoom 

 The agenda for the meeting is: 

(1)       Welcome and Introduction 
(2)       Approval of the agenda 
(3)       Approval of the meeting minutes at ICC 2022 
(4)       Report from the Chair 
(5)       TC Special Interest Groups (SIGs) and Newsletter 
(6)       IEEE ComSoc Student Competition 
(7)       TC activities at conferences and workshops 

                 - HPSR 
                 - Globecom/ICC 
(8)       Distinguished Service Award Committee 
(9)      Other business 
(10)    Adjourn 
  

Committee Meetings 
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Members News 
• IEEE ComSoc Student Competition 2022 

• 1st Place: The Owl: An Accessible Immersive Telepresence System for the Future of 
Human Communication 
Gonzalez Diego, Universidad Carlos III de Madrid, Spain 

• 2nd Place: Internet of Bodies: Digital Holistic Healthcare 
Alamoudi Abeer, King Abdullah University of Science and Technology, Saudi Arabia 

Announcements 

HPSR Steering Committee Meeting 

Time: Tuesday 22nd November 2022, from 1:00 – 2:00 pm  

Location: Online on Zoom 

 

Call for interest in TC-CSR SIGs 
Topics of interest to the CSR, including: 

 Switching and Routing 
 Traffic Engineering 
 Network Signalling 
 Network Software, Hardware, and Middleware 
 Packet Network Applications 
 Network Processors 
 Network and Function Virtualizations 
 Data Center Networking and Cloud Computing 
 Mobile Networks 
 Energy Efficient and Green Networking 
 Information Networks 
 Intelligent System Analysis/Analytics 
 Optimal Systems 
 Optimization of Systems 

Special Interest Groups (SIG) 

 Looking for Special Interest Groups 

 Please contact the SIG coordinator is Thiago Abreu, University of Paris-Est, Creteil, France, 
thiago.wanderley-matos-de-abreu@u-pec.fr 

 

Distinguished Technical Achievement Award: Chair and Subcommittee 

 The new Committee is: 

o Prof. Abdelhamid Mellouk (Chair) 

o Prof. Shiwen Mao, Member 

o Prof. Roberto Rojas-Cessa, Member 

o Prof. Stefano Giordano, Member 

o Dr. Scott Fowler, Member 
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Optimal IoT Machine Learning Estimation for
Discrete-Time Linear System

Scott Fowler
Communications and Transport Systems

Department of Science and Technology, Linköping University, Norrköping, Sweden

I. INTRODUCTION

The construction industry is currently undergoing critical
adjustments that will improve efficiency, well-being, process
improvement, and the introduction of new tools, such as the
Internet of Things (IoT). These IoT solutions for construction
are having a huge impact on how the construction industry
pivots. IoT enables each partner to understand what is hap-
pening at each stage of the real-time development process,
from planning to positive development, post-development,
and how the structure functions during administration. Most
construction projects are heavily dependent on concrete as a
load-bearing material, for instance in foundation structures.
The production of Portland cement1 used as the primary binder
in concrete mixtures comprise around 8% of the world’s total
CO2 emissions. The cement and concrete industry, therefore,
seeks solutions to reduce the CO2-emissions. One important
solution is to replace part of the Portland cement with SCMs
(supplementary cementitious materials) such as fly ash or
granulated furnace slag. SCMs have typically a significantly
lower carbon footprint compared to cement which reduces the
total carbon footprint of the concrete mixture. Due to the
lower heat production of Climate-Improved Concrete, these
mixtures are also more sensitive to colder weather which is
particularly important when pouring concrete in the Nordic
countries. Thus, there is a major push to develop new digital
smart tools to analyze the data gathered by IoT devices that can
assist in making correct decisions using analytics. From the
data gathered from the IoT, we need to have accurate results, to
predict or estimate a value or class, which is the core objective
of a machine learning model is to predict or estimate a value or
class, which will be close to an accurate value or class. Kalman
filtering is a machine learning approach that can predict or
estimate a value or class, which will be closure to an accurate
value or class.

II. PROBLEM DEFINITION

Kalman filters are used to estimate states based on linear
dynamical systems in state space format. The process model
defines the evolution of the state from time t− 1 to time t as
[1]–[3]:

xt = Fxt−1 +But−1 + wt−1, (1)

1Generic term for the type of cement used in virtually all concrete.

where F is the state transition matrix applied to the previous
state vector xt−1, B is the control-input matrix applied to the
control vector ut−1, and wt−1 is the process noise vector that
is assumed to be zero-mean Gaussian with the covariance Qt,
i.e., wt−1 ∼ N (0, Qt).

The process model is paired with the measurement model
that describes the relationship between the state and the
measurement at the current time t as:

zt = Hxt + vt, (2)

where zt is the measurement vector, H is the measurement
matrix, and vt is the measurement noise vector that is assumed
to be zero-mean Gaussian with the covariance Rt, i.e., vt ∼
N (0, Rt).

The role of the Kalman filter is to provide an estimate
of xt at time t, given the initial estimate of x0. The series
of measurements, z1, z2, . . . , zt, and the information of the
system is described by F,B,H,Q, and R. Note that subscripts
to these matrices are omitted here by assuming that they
are invariant over time as in most applications. Although the
covariance matrices are supposed to reflect the statistics of the
noises, the true statistics of the noises are not known or not
Gaussian in many practical applications. Therefore, Q and R
are usually used as tuning parameters that the user can adjust
to get desired performance.

III. KALMAN FILTER ALGORITHM

Kalman Filter is an optimal estimation algorithm that can
be measured indirectly to find the best estimate of states by
combining measurements from various sensors in the presence
of noise. In the Kalman filter, there are two main steps that
we need to perform: 1) the Prediction step and 2) the Update
step. We perform the prediction step to compute our new belief
state after we apply a control signal ut to the following motion
model. After we applied the control signal ut, (we assume to
have received a sensor measurement, zt) we perform the state
based update step received from the sensor measurement. The
Kalman filter algorithm is summarized as follows2:

2Terms ”prediction” and ”update” are sometimes referred to as ”propaga-
tion” and ”correction,” respectively



Prediction step:

Predicted state estimate x̂−
t = Fx̂+

t−1 +But−1 (3)

Predicted error covariance P−
t = FP+

t−1F
T +Qk (4)

Update step:

Measurement ỹt = zt −Hx̂−
t (5)

residual

Kalman gain Kt = P−
t HT

(
R+HP−

t HT
)−1

(6)

Updated state x̂+
t = x̂−

t +Ktỹt (7)

estimate

Updated error P+
t = (I −KtH)P−

t (8)

covariance

In the above equations, the hat operator, ,̂ means an estimate
of a variable, that is, x̂ is an estimate of x. The superscripts
− and + denote predicted (prior) and updated (posterior)
estimates, respectively. The predicted state estimate evolved
from the previous updated state estimate. The new term P is
called state error covariance.

In the update stage, the measurement residual ỹt is com-
puted first. The measurement residual, (also known as inno-
vation), is the difference between the true measurement, zt,
and the estimated measurement, Hx̂−

t . The filter estimates
the current measurement by multiplying the predicted state
by the measurement matrix. The residual, ỹt, is later then
multiplied by the Kalman gain, Kt, to provide the correction,
Ktỹt, to the predicted estimate x̂−

t . After it obtains the updated
state estimate, the Kalman filter calculates the updated error
covariance, P+

t , which will be used in the next time step. Note
that the updated error covariance is smaller than the predicted
error covariance, which means the filter is more certain of the
state estimate after the measurement is utilized in the update
stage.

We need an initialization stage to implement the Kalman
filter. As initial values, we need the initial guess of state
estimate, x̂+

0 , and the initial guess of the error covariance
matrix, P+

0 . Together with Q and R, x̂+
0 and P+

0 play an
important role to obtain desired performance. One can obtain
implement a Kalman filter by implementing the prediction and
update stages for each time step, t = 1, 2, 3, . . . , after the
initialization of estimates.

IV. RESULTS

In Figure 1 shows the results when the Kalman Filter is
used to estimate the state of the data. This shows how much
the Kalman filter is cleaning out the noisy readings (Black).
We can also see how one of the sensors (Blue) has more
variation. Since the Kalman Filter adjusted for the sensor’s

Figure 1: Prediction results using Kalman Filter.

noise independently means, the Kalman filter does not just
clean up the data measurements but also projects them onto the
state estimate. With this feature, the variance is reduced to 2.6,
the standard deviation is reduced to 1.6, a percentage reduction
to 77.6% and 88.1%. In addition, regarding the missing data
during (such as around 1500, 4500, etc,) the Kalman Filter can
estimate the status of this missing value, thereby improving the
continuity and reliability of the control system.

V. CONCLUSION

Kalman Filter algorithm is a great way to model and
predict certain types of data. Specifically, the data should have
some state-varying or time-varying component. These learning
modules take appropriate parameters as input/internal actuator
operational status, to predict estimated error in sensor readings
as output. A simple ML Kalman Filter analysis of the results
indicates that the proposed learning-to-prediction model has
significantly improved the accuracy. Further development is
the integration between the IoT systems and the working
method of Building Information Modeling (BIM). For this
purpose, the building model is supplemented with the current
IoT data, which allows a timely comparison between the
planned and actual work. This can be created in the building
model and provided with information about the weather,
concrete receipts, environment data, other ML models, and
personal protective measures (health and safety) that could be
taken into future consideration.
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∗Image, Signal and Intelligent Systems (LiSSi) Laboratory, University of Paris-Est Créteil, France
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I. INTRODUCTION

The smart environment field has a great importance within
the new smart city paradigm. It allows the management of
natural resources by decision-makers, given data collected
through sensor networks and the Internet of Objects (IoT)
associated with machine learning approaches. One interesting
use case concerns the estimation of surface water quality of
urban rivers, a topic currently approached by the towns within
the basin of the Marne River in the suburbs of Paris, France.

Currently, the water quality forbids the bathing in the
Marne, but local associations and public administrations intend
to open future bathing sites by the river. Therefore, their
goal is to restore good water quality in the river, and to
ensure their maintenance by a regular monitoring of physical-
chemical characteristics and microbiological pathogens in wa-
ter, as demanded by the European directives of surface waters
(91/271/EEC directive for the treatment of urban waste water,
2000/60/EC and 2006/7/EC directives for the management
of bathing water quality). These directives take into account
the presence of two groups of non-pathogenic fecal indicator
bacteria (FIB), Escherichia coli (E. coli) and intestinal en-
terococci (except for some strains) in water. Their presence
may indicate other enteric pathogens of fecal origin (domestic
sewage discharge, animal dejection, runoff loaded with sewage
or runoff from pastures), which could increase the risks of
gastroenteritis in humans [1].

One current major problem, however, is that monitoring
water quality relies on samples that require further analysis
in specialized laboratories. This procedure takes time (up to
days) and may be very costly for small towns, which may
impact the correct assessment of the quality and prevents a
real-time follow-up by decision-makers.

Thus, the creation of new tools for real time and cheaper
surface water monitoring is an ongoing issue. One solution
consists in the use of machine learning approaches, based on
physical-chemical data obtained through IoT networks, for the
prediction of FIB concentrations in surface water.

II. MACHINE LEARNING FOR WATER QUALITY ESTIMATION

Machine learning (ML) methods for water quality moni-
toring and prediction have been used with good performance
when compared to traditional statistical and deterministic mod-
els. [2]. These models can be used to predict FIB concentration

in surface water, potential bathing site as ”bathable” or ”non-
bathable” according to the European directives.

Several problems, however, arise from the use of ML. To
create a model, a lot of resources and computation time
may be required. Moreover, an important volume of data is
often necessary to obtain acceptable results, and the available
datasets may not be enough. In the case of Marne, the available
data for this research is, unfortunately, still limited, although
our research group has been taking several approaches to solve
this issue (increasing the number of sampling stations and
using IoT devices and sensors to collect data). Therefore, one
solution consists in pre-training ML models using datasets
from different rivers, which have similar physical-chemical
compositions as the Marne. The acquired knowledge is, hence,
reused in our target use case to better predict FIB concentra-
tions. This approach is a branch of the ML field, known as
transfer learning.

The available dataset from Marne comes from sampling
campaigns held every summer since 2015 (except 2016) in
order to assess the quality of the Marne River, using 17
monitoring stations alongside the river. In total, we have 1696
samples at the level of the Marne for 5 years (2015, 2017-
2020) [3]. Given the available amount of data, we fixed as our
goal to create predictive models of only E. coli (MPN/100ml)
concentrations, since in the Marne River E. coli is a more
degrading parameter than intestinal enterococci considering
the guidelines of the European bathing directives [3].

The final ML model is trained by using a set of physical-
chemical parameters from other rivers containing larger
datasets, and further enhanced with the data from the Marne.
At first, we tried to access French databases to use data of local
rivers to pre-train different ML models that we test (to be dis-
cussed below), but either not enough data was available, or the
parameters were different. After some research, datasets from
the environmental platforms of New Zealand (NZ) provided
enough data from rivers with similar characteristics and similar
data distribution as the Marne (totaling 5,450 samples). In our
case, we use temperature (◦C), conductivity (µS/cm), turbidity
(NFU), suspended solids (SS) (mg/L), ammonium (NH+

4 ) (mg-
N/L) and total Kjeldahl nitrogen (NTK) (mg-N/L) as the input
variables of our ML models, since those characteristics are
common to both datasets.

After performing data cleaning of all datasets (incomplete



Marne DT KNN SVM RF Boost(DT) Bag(RF) VR
RMSE 0.90 0.77 0.81 0.76 0.86 0.74 0.78
MAE 0.37 0.28 0.27 0.29 0.30 0.29 0.36
RPD 1.04 1.21 1.15 1.22 1.23 1.25 1.19

TABLE I
EVALUATION OF CREATED MODELS USING DATA FROM THE MARNE

data, outliers, highly correlated features and redundancy), we
separate the samples randomly (80% for training, 20% for
testing), with a standardization of the parameters.

Given that our data is labeled, we focused on supervised
learning approaches to classify bathing sites as ”bathable”
or ”non-bathable” in terms of E. coli concentration values.
We choose to test i) traditional algorithms, such as Decision
Trees (DT), Support Vector Machine (SVM) and K-nearest
neighbors (KNN); ii) and also the so-called ensemble algo-
rithms, such as Random Forest (RF), Adaboost and Bagging.
Furthermore, we average the predictions of the ML models
using voting regression (VR) to ensure better precision. For
further details on the algorithms, please refer to [4].

Finally, to evaluate the performance of the different models,
we choose three metrics: the root mean square error (RMSE),
mean absolute error (MAE) and the ratio of performance
to deviation (RPD) [5]. With the RMSE, we can evaluate
the standard deviation of the distribution of prediction errors
around the line of good prediction. The MAE gives the
magnitude of the average error between the predicted values
and the actual observations. The RPD is a metric where values
< 1.4 indicate that unreliable models; values between 1.4 and
2 indicate moderately accurate models and values higher than
2 indicates good predictive abilities.

III. RESULTS

If we train our ML models using only the data from the
Marne River to predict E. coli concentration values, we find
the values shown in Table I. The RPD analysis shows that none
are reliable (RPD ≤ 1.4). A similar analysis is conducted using
only the data from New Zealand, with similar results (RPD
≤ 1.4 for all models) (see Table II). In both cases, we can
see that the VR models are also under performing. Thus, we
decide to create a new Model 1 using the average of both
VR models, to ensure the share of knowledge among models
using different datasets. Furthermore, we create a Model 2 that
takes into account only the five best performing ML models
in terms of low RMSE. A more reliable solution is obtained,
as shown in Table III, with Model 2 presenting RPD ≥ 1.4.

NZ DT KNN SVM RF Boost(DT) Bag(RF) VR
RMSE 0.12 0.12 0.14 0.22 0.66 0.24 0.27
MAE 0.05 0.04 0.09 0.05 0.06 0.05 0.06
RPD 0.99 0.97 0.85 0.48 0.17 0.48 0.46

TABLE II
EVALUATION OF CREATED MODELS USING DATA FROM NEW ZEALAND

Model Model 1 Model 2
RMSE 0.61 0.62
MAE 0.33 0.25
RPD 1.38 1.47

TABLE III
EVALUATION OF MODELS 1 AND 2 PERFORMANCE WITH MARNE DATA

IV. CONCLUSIONS

Opening bathing sites in urban rivers is a project from
different cities, in order to increase life quality of their citizens.
This represents, however, an important challenge in terms of
improving water quality to reduce the risks of contamination
of bathers due to enteric pathogens. Therefore, a continuous
monitoring of bacteriological levels is mandatory for such
bathing sites, but traditional techniques are not suitable. They
often rely on expensive tools or slow sample evaluations,
where results are only know days after contamination episodes.

We show in this work that using machine learning tech-
niques and transfer learning can enhance the accuracy of
predictive models. We use data from New Zealand’s rivers
alongside with the Marne ones to create a more accurate model
for the French river. Although the results are encouraging, the
lack of samples remains problematic.

Therefore, future advances must consider the development
of sensing networks and the use of the Internet of Things
to increase datasets. Works on the field are currently held
by our research team, by mixing the existing high-accuracy
devices (which are scarce) and low-cost devices (lower quality,
but more data), using the Knowflow platform [6]. Moreover,
researchers must investigate sensors deployment techniques,
alongside with transmission technologies, such as the use of
Low-Power Wide Area Networks (LPWAN) like LoraWAN,
Sigfox, NB-IoT, or even 5G. [7].
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I. INTRODUCTION

TCP and UDP have been the only transport protocols in
the pervasive TCP/IP stack for decades. However, they were
designed with the underlying presumption that only one path
could be active between two end hosts at a time. We can see
how obsolete this idea has become just by noting the abun-
dance of network interfaces that today’s end hosts are equipped
with. To allow the simultaneous use of different paths that
may be present between a transmitter and a receiver, multipath
transport protocols have been developed. Any such protocol
can bundle different network interfaces and switch between
them transparently. The most popular implementations to date
are Multipath TCP (MPTCP), Concurrent Multipath Transfer
for SCTP (CMT-SCTP), and Multipath QUIC (MPQUIC).
These transport protocols enable the end-user device to have
better throughput, lower latency, and a fallback solution in
network failure situations by simultaneously exploiting several
accessible network interfaces.

On the other hand, a plethora of technologies currently
coexists in the networking landscape. For instance, to realize
the Internet of Everything, 5G aims to integrate diverse tech-
nologies, such as vehicular networking, machine-to-machine
(M2M) communications, device-to-device (D2D) communica-
tions, non-terrestrial networks (NTNs), mobile edge computing
(MEC), Internet-of-Things (IoT), cloud radio access networks
(CRANs), cloud computing, unmanned aerial vehicles (UAVs),
etc. From the perspective of network architecture, wireless
networks evolved from homogeneous networks (HomNets) to
heterogeneous networks (HetNets). In many circumstances,
as in the examples listed, multiple interfaces are available
to end users, providing the ability to use multiple available
network interfaces simultaneously. Thereby, in order to make
the most of the multipath approach, research focuses on three
orthogonal aspects: congestion control, path management,
and scheduling. Indeed, the multipath scheduler plays a key
role as it is responsible for distributing data over multiple
paths and therefore affects the overall network performance.
Poor scheduling decisions can increase out-of-order packet
arrival or introduce Head-of-Line Blocking (HoLB). The 3rd
Generation Partnership Project (3GPP) has also emphasized
this potential cooperation in the Technical Specification (TS)
23.501 (Release 16) by claiming the Access Traffic Steering,
Switching, and Splitting (ATSSS) architecture could be en-
hanced by multipath transport protocols [1].

II. MULTIPATH SCHEDULING PERFORMANCE OVER
HETEROGENEOUS PATHS

In order to avoid congestion in the multipath environment,
a multipath scheduling algorithm selects which path should
be used to send the packet to make the best use of the
available paths. Multi-path schedules can be divided into two
categories: those based on predetermined rules and those based
on Machine Learning (ML).

One of the most basic schedulers is the Round-robin (RR)
scheduling algorithm, which sends data over each available
path sequentially as long as there is space in the conges-
tion window (CWND). The second basic scheduler is the
minRTT scheduling algorithm, which is the default algorithm
in MPTCP [2] and MPQUIC [3] and it is based solely on
the round trip time (RTT). Blocking Estimation Scheduler
(BLEST) [4] and Earliest Completion First (ECF) [5] just like
the first two schedulers are also based on predefined rules.
They propose, with different approaches, a waiting mechanism
to delay the emission if only the path with the highest RTT is
available. Several other schedulers based on predefined rules
exist but will not be mentioned here.

Fig. 1. GaDAM proposed Architecture

On the other hand, we observe an increasing interest in
the design of ML-based multipath schedulers to overcome the
performance limitations of rule-based schedulers. Peekaboo
[6], which is a learning-based scheduler, applies a stochastic
adjustment method for the MPQUIC protocol after choosing a
deterministic strategy based on the Linear Upper Confidence
Bound (LinUCB). GADaM offers another approach by po-
sitioning itself as a scheduler selector [7]. After an analysis
that showed that in the same scenario with varying network
conditions, none of the schedulers mentioned above could
systematically present the best performance. Therefore, the
authors proposed a deep-learning-based approach that selects
the most adapted scheduler, given the network conditions
observed in a previous time window. Fig.1 indicates the
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Fig. 2. Schedulers Performances Comparison

suggested architecture to implement the proposal paradigm
“scheduler selector” in the practical network stack. Otherwise,
when it comes to performance evaluation, due to the time
required, real-world experimental evaluations are more the
exception than the rule, and most validations are done in
simulated environments.

III. PERFORMANCE EVALUATION

In order to fully understand the actual performance of each
scheduler in HetNets, experiments were conducted on a set of
bare-metal equipment. The general architecture is composed
of three main elements: a cluster of servers, the network
infrastructure, and a cluster of clients. These have multiple
interfaces and have been used to determine the actual perfor-
mance of each scheduler in HetNets. A complete description
of these environments can be found in [8]. As shown in 2 while
minRTT seemed to have the slowest download completion
time with the highest variance, BLEST and ECF retained
their rankings. Whereas, Peekaboo performed admirably when
compared to its predecessors. However, GADaM has the best
average download completion time and a noticeably reduced
variance when compared to the most cutting-edge Peekaboo
in 4MB, 16MB and 32MB cases. GADaM’s approach could
be considered to outperform the predefined state-of-the-art
scheduler suggestion.

IV. CONCLUSION

The emergence of various technologies and applications
makes networks increasingly heterogeneous. Aside from the
ongoing solutions for better frequency spectrum utilization,
particularly through Software Defined Radio (SDR) solutions,
the use of multiple network access is a cutting-edge solution.
This is all the more true with multipath transport protocols,
provided that scheduling is correctly dealt with at these
protocols’ level.

Regardless, the deep learning-based schedulers’ advantage
has been proven against the deterministic approaches in both
simulated and practical experiments. Indeed, GaDAM which
is a deep-learning-based multipath scheduler selector, outper-
forms the rest of the approaches. The main idea of GADaM
is to select the most suitable scheduler, which means that
GADaM performance strongly depends on the performance of
its candidate. These remarks also pointed out that the GADaM

improvement could be much more significant under frequently
changing network conditions. However, further investigation
and in-depth analysis should be considered for future work to
better understand.
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