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Abstract: During the past few decades, mo-
bile wireless communications have experi-
enced four generations of technological revo-
lution, namely from 1G to 4G, and the deploy-
ment of the latest 5G networks is expected to
take place in 2019. One fundamental question
is how we can push forward the development
of mobile wireless communications while it
has become an extremely complex and so-
phisticated system. We believe that the answer
lies in the huge volumes of data produced by
the network itself, and machine learning may
become a key to exploit such information. In
this paper, we elaborate why the conventional
model-based paradigm, which has been widely
proved useful in pre-5G networks, can be less
efficient or even less practical in the future
5G and beyond mobile networks. Then, we
explain how the data-driven paradigm, using
state-of-the-art machine learning techniques,
can become a promising solution. At last, we
provide a typical use case of the data-driven
paradigm, i.e., proactive load balancing, in
which online learning is utilized to adjust cell
configurations in advance to avoid burst con-
gestion caused by rapid traffic changes.
Keywords: mobile wireless networks; da-
ta-driven paradigm; machine learning

I. INTRODUCTION

Mobile wireless communication is one of the
most rapidly growing discipline, which has
experienced four generations of technological
revolution during the past few decades. The
first 5G standard (3GPP Release 15) which de-
fines the 5G new radio specifications for both
non-standalone and standalone operations is
frozen in July 2018, officially announcing the
coming of 5G mobile wireless communica-
tions. In 5G era, three major use scenarios are
considered, referred to as enhanced Mobile
Broadband (eMBB), massive Machine Type
Communications (mMTC) and Ultra-Reliable
and Low Latency Communications (URLLC)
[1]. The eMBB scenario is an extension of to-
day’s mobile broadband applications, includ-
ing the emerging ultra-HD video, 360-degree
video and AR/VR applications, in which 10
Gbps peak data rate is required. The mMTC
scenario is an enhancement of today’s low
power wide area technologies, such as NB-
IoT, in which 1 million connections per square
kilometer is required. The URLLC scenario is
developed to support mission critical applica-
tions that are extremely sensitive to reliability
and latency, such as self-driving cars, industri-
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In this paper, we an-
alyzed the potential
deficiencies of the
conventional mod-
el-based paradigm
in mobile wireless
communications, such
as the difficulty of de-
fining accurate model
and getting system
parameters, the pro-
hibitive computational
complexity, the infea-
sibility of producing
lossless block decom-
position.

al 4.0 and smart grid. In current early phase of
5G, only the eMBB scenario is specified while
the mMTC and URLLC ones are expected to
be added progressively in future 3GPP specifi-
cations.

To address the challenging scenarios of 5G
networks, a series of candidate technologies
have been proposed [2]. In the physical layer,
massive antenna technologies are utilized to
provide diversity gain and support increased
capacity, new waveforms are considered to
flexibly accommodate services and applica-
tions with different quality of service require-
ments, and multiple radio access schemes are
proposed to address different types of connec-
tions, e.g., the 5G new radio for broadband
connections, non-orthogonal multiple access
technologies for massive IoT connections
and millimeter wave for spectrum above 6
GHz. Besides, dynamic spectrum access and
cognitive radio are also extensively discussed
to enhance system throughput and support
diverse emerging services [3-6]. And recently,
artificial intelligence is introduced to empower
the 5G networks [7].

In the network layer, ultra-dense network
architecture is proposed to increase the sys-
tem-level capacity by providing the ultimate
spatial reuse of radio spectrum. Heterogeneous
radio access technologies, such as relay, de-
vice-to-device communications, vehicular ad
hoc networks, self-organizing networks and
unmanned aerial vehicle assisted networks, are
introduced to provide extra degrees of freedom
for specific use scenarios. Network slicing,
together with software-defined networking,
network function virtualization and mobile
edge computing, is proposed to partition the
entire network into different slices with differ-
ent configurations such that network operators
can efficiently utilize their network resources
while satisfying the quality of service require-
ments of different users. As we can see, mod-
ern mobile wireless networks have become a
“hodgepodge” of technologies that cannot be
fully described by a uniform theoretic model.

The lack of a uniform theoretic model of
mobile wireless communications is possibly

due to the hardness of analyzing general net-
work-level capacity from an information the-
ory point of view. Thus, most of the proposed
communication technologies are built on
high-level models with clear abstractions and
simplifications, which are reasonable when
we focus on different facets of the network.
For example, inter-cell interference manage-
ment is usually considered as a network layer
problem, in which the underlying user traffic
is abstracted by stochastic graph models, and
interferences from different access points
are treated as indistinguishable noises, even
though the interference signal can be further
utilized by using physical layer interference
alignment technologies.

In this paper, we will show that the conven-
tional divide-and-conquer manner is rapidly
losing its “magic” as the mobile wireless net-
work is evolving into an extremely complex
and sophisticated system whose components
are tightly coupled with each other, and the
conventional model-based paradigm should
be reevaluated in contrast with the novel da-
ta-driven paradigm, in which communication
technologies are directly built on the data pro-
duced by the network, instead of pure math-
ematical models with artificial assumptions.
Some initial studies have shown the potential
of the data-driven paradigm in both physical
layer and network layer [8,9]. A key of da-
ta-driven mobile wireless networks is the use
of state-of-the-art machine learning technolo-
gy. In contrast to the optimization technologies
widely applied in communication systems, the
solution of machine learning can automatical-
ly improve itself through data-based training,
which does not fully rely on artificial models
of the communication systems as prior knowl-
edge. With the progress in new learning al-
gorithms and the ongoing decrease in storage
and computation cost, machine learning meth-
ods have been adopted by a variety of fields in
science, technology and commerce [10].

Among the massive learning algorithms,
supervised learning is the most popular meth-
od, which have been widely utilized in spam
classifiers, image recognition, and medical di-
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agnosis. In supervised learning problems, the
training sample is described in the form of a
feature-label pair (x, y), in which x represents

the available features such as text content of
an email, RGB values of an image and medical
symptoms of a patient, y represents the labels
that we care about, such as whether an email
is a spam, what objects a picture contains, and
the probability of having diseases for a patient.
These sample data can be utilized to learn a
mapping f(x), which produces a predicted
label y for an unknown sample with feature x,
such that new samples can be automatically
labeled by the supervised learning system.
There exist many different forms of mapping
f, including decision tress, logistic regression,
support vector machines, Bayesian classifiers,
boosting methods that combine multiple learn-
ing algorithms [11], and well-known deep
learning methods [12,13]. However, data with
fully ground-truth labels is generally difficult
to obtain due to the high cost of the data-label-
ing process in many mobile wireless commu-
nication scenarios, where weakly supervised
learning is likely to be a promising technique
to deal with such kind of problems [14].

Unsupervised learning is another classical
paradigm that focuses on unlabeled data. Di-
mension reduction methods, including prin-
ciple components analysis, manifold learning
and random projections, are often utilized
to identify low-dimensional structures from
high-dimensional data, which helps to reveal
the underlying properties of raw data. Cluster-
ing is another unsupervised learning problem,
in which a proper partition is needed to divide
unlabeled samples into multiple clusters such
that samples within a cluster is “similar” to
each other. Based on specific understandings
of “similarity”, different clustering methods
have been developed, such as hierarchical
clustering, K-means clustering and distribu-
tion-based clustering. In unsupervised learn-
ing, computational complexity is always the
paramount concern.

Reinforcement learning [15,16] is a spe-
cial machine learning paradigm, in which the

training data neither explicitly indicates the
correct output for a given input as in super-
vised learning, nor provides some information
about the correct partition as in unsupervised
learning. In fact, reinforcement learning al-
lows an agent to interact with the environment
by exploring different policies, to maximize
the expected reward over time. Reinforcement
learning can be seen as an extension of the
classic Markov decision process (MDP), and
similar ideas such as policy iteration and value
iteration are adopted. The main difference is
that most of the information that is assumed to
be known in MDP problems (e.g., probability
transfer matrix) is no longer available, and
reinforcement learning can address problems
with much larger scales.

The rest of the paper is organized as fol-
lows: In Section II, we review the conven-
tional model-based paradigm and elaborate
why it can be less efficient and less practical
in future 5G and beyond networks. In Section
III, we explain why the data-driven paradigm
is promising to address the new challenges
that cannot be solved by the model-based par-
adigm. In Section IV, we provide a typical use
case of the data-driven paradigm. Finally, we
conclude the paper in Section V.

II. LIMITATION OF MODEL-BASED
PARADIGM

Mathematical modelling, which is the use of
mathematical language to describe the be-
havior of a system, has been proved to be the
foundation of modern science and technology
in many fields. In the development of mobile
wireless communications, mathematical mod-
elling has provided interpretability, comput-
ability and verifiability for a large number of
technical problems, which makes it a standard
research process in pre-5G networks. Howev-
er, this model-based paradigm exhibits serval
inherent limitations that may restrict further
development of mobile wireless networks. In
this section, we provide a discussion about
these drawbacks.
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2.1 Hard to get accurate models

The success of model-based paradigm depends
on its accuracy in representing the behavior of
mobile wireless networks. With the evolution
of cellular networks, the underlying mathemat-
ical models become more and more complex
for exploiting more sophisticated technologies.
For example, the network topology model has
evolved from the classic hexagon model into
stochastic graph models with multiple layers
of access points, such that heterogeneous net-
works can be introduced to increase capacity
in specific hot spots. For another example, the
radio resource scheduling model has evolved
from the basic queueing model into sophis-
ticated Markov decision processes, to enable
the system to support multiple types of data
services with different rate and delay require-
ments.

Unfortunately, there exist some extremely
complex problems that cannot be accurately
described by statistic models. For example,
interference management in traditional mobile
networks is an extremely complex problem,
which is affected by a large number of under-
lying technical details, such as traffic distri-
bution, user mobility and even load balancing
strategies, and may affect multiple perfor-
mance indicators that contradict against each
other. To address such intractable problems,
empirical parameters and formulas based on
highly simplified models are always used, in
which iterative measurement and tuning are
employed to adjust the network in practical
deployment. Other examples may include cov-
erage management and handover strategies,
in which statistical models cannot provide an
accurate description due to the complexity
of the problem. These problems will become
more complex with the introduction of new
features in 5G and beyond networks, such as
multi-RAT, multi-service and multi-connec-
tivity, making the conventional model-based
paradigm inefficient, unreliable or even im-
practical.

Also, statistic models are also incapable of
addressing extremely detailed information due

to the lack of statistics, which however may be
the key information for some of the most chal-
lenging scenarios in 5G and beyond networks.
For example, in ultra-dense networks where
the number of access points and users are
comparable, the exact mobility information of
each user can seriously influence the network
performance, in terms of virtual cell formation,
user association, transmission mode selection
and handover strategies. However, there exists
no mobility model for a single mobile user,
and the best way to describe its mobility is the
raw data of location and speed information.
Other examples may include the cell-specific
content request information in mobile edge
caching, and channel parameters in complicat-
ed propagation environments. Therefore, for
some of the most challenging scenarios that
require the most detailed information, statisti-
cal models may lose their “magic” due to the
sparsity and diversity of target data.

2.2 Difficult to get solutions with
reasonable complexity

Due to the homogeneity and uniformity of
pre-5G networks, many problems formulated
by statistic models can be efficiently solved
by classical optimization techniques. In some
cases, even closed-form solutions exist. For
example, the optimal power allocation of an
OFDMA system can be given with water-fill-
ing algorithm. However, there are a large num-
ber of NP-hard problems in mobile wireless
networks whose optimal solutions cannot be
worked out in polynomial computational time,
e.g., optimal user association and resource al-
location in heterogeneous networks, and opti-
mal cell placement and coverage management.
To avoid exponential computational com-
plexity, these NP-hard problems are generally
decomposed into tractable subproblems that
can be solved separately or sequentially, or by
using heuristics that can produce suboptimal
solutions. However, even suboptimal solutions
may require a huge amount of computational
resources due to the scale of these problems.
The computational complexity is further
increased by the heterogeneity and diversity
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brought by the new features of 5G and be-
yond networks, e.g., multiple radio access
technologies and multiple connectivity of
each user, multiple types of services support-
ed by the network in different use scenarios,
and diversity of QoS requirement of multiple
types of user equipment. The huge number of
user equipment and access points also greatly
increases the computational complexity. It is
expected that 5G will support up to 1 million
connected devices per km 2, and the distance
between access points is only a few meters
in ultra-dense scenarios. The management of
these user devices and access points are tightly
coupled due to their geographical proximity,
and thus, should be jointly considered, which
dramatically increases the complexity. There-
fore, the computational complexity generated
by model-based paradigm becomes a bottle-
neck in 5G and beyond mobile networks.

2.3 Hard to get system parameters

To provide an explicit model for mobile wire-
less networks, the model-based paradigm
needs to define a large number of system
parameters. For example, massive MIMO
systems may require the real-time channel
parameters of different users in different fre-
quencies and antennas to form the optimal
beams; vehicular networks may require the
exact location and speed information of each
vehicle such that the optimal clustering can be
calculated; ultra-dense networks may require
the inter-cell interference power between near-
by access points to optimize user association;
network slicing may require the customized
traffic pattern such that the radio resources can
be efficiently shared by different slices; and
mobile edge computing may require the whole
profile of computational resource consumption
of each service. However, due to insurmount-
able technical challenges and unbearable huge
amount of radio resource consumption, these
parameters may not be available. Also, the net-
work devices of different types and manufac-
turers limit the number of common parameters
in the network. Therefore, the conventional
model-based paradigm may not be feasible

due to the lack of available parameters in prac-
tical networks.

2.4 Hard to get lossless block
decomposition

In conventional mobile wireless networks,
the network is divided into multiple layers,
each of which is composed of separate blocks
with specific network functions. This struc-
ture decomposes the complex communication
system that is difficult to handle into multiple
subproblems/subsystems that can be formu-
lated by mathematical models, which greatly
accelerates the technical progress as different
groups of researchers can focus on specific
layers and blocks. For example, in the physical
layer, the communication process is divided
into a series of signal processing blocks, such
as channel coding, modulation, and detection,
each of which is optimized independently in
pre-5G networks. For another example, the ra-
dio resource management problem is divided
into inter-cell interference management, user
association, and intra-cell resource scheduling,
which are optimized separately by using dif-
ferent mathematical models.

However, this divide-and-conquer manner
corresponding to the model-based paradigm
does not necessarily provide the optimal solu-
tion. In fact, it always comes at the cost of los-
ing the optimality of the original problem, as
the decomposed subproblems may not be fully
independent. For example, the performance
of channel coding can be seriously influenced
by the modulation scheme in different channel
conditions. Also, the performance of inter-cell
interference management can be directly in-
fluenced by the user association strategy and
intra-cell resource scheduling strategy used by
each access point. In 5G and beyond networks,
the coupling among different network function
blocks are greatly tightened by the increasing
density of user devices and access points, as
well as the diversity of communication sce-
narios and service types. For example, the
inter-cell interference management, user asso-
ciation strategy and intra-cell radio resource
scheduling can highly influence each other in
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ultra-dense networks. Therefore, in order to
further improve the network performance, the
conventional block structure should be recon-
sidered in 5G and beyond networks.

III. ADVANTAGES OF DATA-DRIVEN
PARADIGM

As discussed above, the conventional mod-
el-based paradigm has difficulty getting accu-
rate models, system parameters and lossless
block decomposition, as well as obtaining
solutions to the formulated optimization tasks
with an acceptable complexity. This mod-
el-based paradigm may be less efficient or less
practical in future 5G and beyond networks. In
this section, we discuss about the data-driven
paradigm for mobile wireless networks, in
which network functions are directly built on
the data produced by the network instead of
artificial models about communication system,
and we show how it can cover up the deficien-
cies of the conventional model-based para-
digm.

3.1 Architecture of data-driven
networks

As seen in figure 1, the data-driven networks
need to monitor the huge volume of data pro-
duced by the network, including local data

Cloud Computing

Platform

Edge Computing

Platform

|
Local Data
|

Distributed Unit

Distributed Unit

Edge Computing
Platform

Local Data soo|ped

Fig. 1. Architecture of data-driven mobile wireless networks. The dotted lines rep-

resent the global data flow, the dashed lines represent the local data flow, and the

solid lines represents control flow of data-driven network functions.

produced by distributed units (e.g., channel
parameters and interference level) as well
as global data from centralized units (e.g.,
total energy consumption). The data is then
properly utilized by both edge and cloud com-
puting platforms, on which a variety of learn-
ing-based network functions are deployed to
manage and control the network.

One of the key characteristic of data-driv-
en networks is that all network functions are
fundamentally built on same data foundation,
while in conventional model-based networks,
the network functions adopt mathematical
models with different assumptions and sim-
plifications. This uniform architecture ensures
that sophisticated network functions proposed
in different times will not deviate from the
original problems as mobile networks evolve
into more and more complex systems. Anoth-
er characteristic is that there exist no explicit
boundaries for different layers of the network,
and a data-driven network function can be
in charge of tasks over multiple layers of the
conventional networks. Generally speaking,
edge computing platforms can provide smaller
latency for the “low-level” network functions
(e.g., channel coding and modulation), while
cloud computing platforms can provide global
information for “high-level” network functions
(e.g., inter-cell interference management).

3.2 No requirement of accurate
models

To deal with complex and incalculable net-
work scenarios in practical mobile commu-
nication environment, prior assumptions and
simplifications are usually required so as to
characterize the target problems explicitly in
the conventional model-based mobile net-
works. As discussed above, it becomes harder
and harder to get such kind of models in the
future. In contrast with the model-based par-
adigm, the data-driven paradigm does not
need an accurate model to resolve the target
problem since the solution to the problem can
be directly learned from the data produced
by the mobile network. This brings a great
advantage of dealing with the extremely de-
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tailed information and extremely complex
problems arising from the forthcoming 5G
and beyond mobile communication systems.
In fact, for supervised learning problems, we
can compute an arbitrary function by using
a neural network with a single hidden layer.
This universality property of machine learn-
ing methods provides an extremely powerful
tool to describe the problems without accurate
mathematical models, e.g., radio resource
scheduling and transmission mode selection
in ultra-dense networks, interference manage-
ment and admission control in heterogeneous
networks, and handover configuration in ve-
hicular networks.

3.3 Possible to cope with intractable
problem with acceptable complexity

The computational complexity of machine
learning algorithms can be divided into two
parts: induction complexity and deduction
complexity. The former usually requires a
large amount of computational resource,
e.g., the backpropagation algorithm in neural
networks, such that the learning model can
be properly trained using the huge volumes
of data. This part of computation is usually
performed offline in large data centers with
adequate computation and storage resources.
Notice that the offline computation does not
influence the operation of the mobile net-
works since only the output produced by the
induction is needed at the deduction stage. In
other words, the deduction part is performed
online to predict the behavior of new data,
and thus, determines the effective complexity
of machine learning algorithms employed to
tackle the target problems in mobile wireless
networks.

Compared with the conventional mod-
el-based algorithms, in which the computa-
tional complexity of many optimization tasks
increases exponentially with the scale of the
network parameters, the online complexity of
machine learning algorithms is directly deter-
mined by the scale of learning model, which
is decided and bounded by supper parameters,
e.g., the layers and number of nodes in deep

neural networks. Thus, the computational
complexity of the used machine learning al-
gorithms is controllable and independent from
the scale of the network parameters, which is
extremely crucial for practical communica-
tion networks with rigorous execution time.
Therefore, it becomes possible to address
those NP-hard communication problems in the
model-based paradigm using machine learn-
ing algorithms with acceptable computational
complexity.

3.4 Less sensitive to system
parameters

In the data-driven paradigm using machine
learning techniques, we can exploit any data
that is available and considered to be related
to the problem. For example, in model-based
networks, reference signal receiving power
is often utilized to calculate the inter-cell in-
terference, and other details that may highly
affect the interference condition, e.g., the traf-
fic load of each access point, the distribution
of cell-edge users and the mobility pattern of
mobile users, are usually not considered so as
to maintain a tractable model for the problem.
However, in the data-driven paradigm, all
related information can be involved by using
learning-based algorithms, and even incom-
plete data can be utilized in a uniform manner.
In many other cases, the raw data produced by
the network is first extracted to give some of
the most related features, and then new these
features are utilized to increase the efficiency
of learning models.

The flexibility of available parameters
highly improves the feasibility of data-driven
paradigm in mobile wireless networks. For
example, in Massive MIMO systems, partial
channel parameters can be treated as the input
parameters, which avoids the inaccuracy in-
troduced by the linear interpolation procedure
for complete channel parameters. Also, for
networks with heterogeneous access points,
common features can be defined and extract-
ed in each access point such that a uniform
machine learning algorithm can be applied in
the entire network. The data-driven paradigm
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requires only available data produced by the
network, which fills the gap between practical
parameters and artificial parameters as in the
model-based paradigm.

3.5 No need to do block
decomposition

In the model-based paradigm, a complex prob-
lem is always decomposed into several less
complex subproblems that are lightly coupled
with each other. Then, these subproblems are
studied independently in the literature, which
forms different research fields in mobile wire-
less networks. As we have mentioned, the
coupling between different network functions
is not negligible in future 5G and beyond
networks. In the data-driven paradigm, due
to the unlimited model space, tightly coupled
problems can be jointly considered in a uni-
form technical framework, e.g., coding and
modulation in the physical layer, inter-cell
interference management and user association
in the network layer, and even radio resource
allocation problems across all layers. In such
problems, data-driven methods can provide a
uniform technical structure, which avoids the
unnecessary decomposition and simplification
as in the conventional model-based paradigm.

IV. PROACTIVE LOAD BALANCING
USING ONLINE LEARNING

Due to the uncertainties of mobile user behav-
iors and wireless propagation environment,
traffic load in mobile wireless networks can
be highly uneven in space and highly dynamic
in time, which leads to inefficient utilization
of radio resources and unexpected traffic con-
gestions in access points [17]. This issue is
further aggravated by the decreasing cell range
and increasing heterogeneity in 5G and be-
yond networks. Therefore, load balancing has
become one of the most active and emerging
fields of research in mobile wireless networks.

4.1 Conventional load balancing
techniques

Traditionally, load balancing is an expensive,

time consuming and error prone process that
requires frequent manual configuration and
management of cell parameters. For exam-
ple, engineers may adjust the transmit power
of reference signal and the electrical tilt of
antennas based on drive tests and customer
complaints. To overcome the drawbacks of
manual load balancing, automatic load balanc-
ing schemes have been proposed, in which all
configurations and adjustments are performed
automatically and periodically to address re-
al-time traffic imbalance. In each period of
automatic load balancing, the load of a cell
is evaluated in terms of the usage of multiple
resources and the performance of multiple
indicators, e.g., total transmit power, radio
resource usage, interference level, downlink/
uplink throughput and handover failure ratio.
Then, cell parameters such as reference signal
power, antenna tilt, cell reselection thresholds
and handover offsets, are adjusted periodically
according to the real-time reports from the net-
work, such that the cell load does not exceed
certain threshold.

To maintain the stability of mobile net-
works, each practical parameter adjustment
should be limited within a certain range.
Thus, it may take multiple times of parameter
adjustments to reach the optimal cell configu-
ration for a given period. Therefore, for burst
congestions caused by fast moving users (e.g.,
a bus of broadband users with speed 30 km/
h passing through a small cell with radius
500 m may cause a 10 Gbps data burst for
10 seconds), the reactive paradigm of current
load balancing techniques may not provide the
optimal cell configuration in time. To address
such burst congestions, the cell parameters
need to be adjusted before the traffic burst is
observed by the target cell, which we refer
to proactive load balancing in this paper. The
key technique of proactive load balancing is to
accurately predict when and where such traffic
bursts may happen, for which we adopt online
learning to address complicated use scenarios.
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4.2 Proactive load balancing based
on online learning

In figure 2, we illustrate proactive load bal-
ancing by considering a bus passing through
three access points a, b and ¢ along the road.
As seen in figure 2(a), access points a, b and
¢ cover equal areas when there is no vehicle
moving along the road. When the bus passes
through the area, as seen in figure 2(b), access
points a and c¢ reshape their coverage areas
to serve vehicular users, and access point b
reshapes its coverage area to serve pedestrian
users. Note that the corresponding parameter
adjustments are completed before the bus
entering the target area. Therefore, potential
congestions caused by traffic burst in access
points a, b and ¢ can be alleviated and hando-
ver overhead for vehicular users can be mini-
mized.

To accurately predict the arrivals of traffic
bursts, we can employ the emerging online
learning techniques, which is a learning pro-
cess consisting of a sequence of consecutive
predictions [18]. In any round t, the learner
needs to provide an answer p, to a prediction
task, given the current information x, € & as
the input. In the next round t+1, the correct
answer to the previous task is revealed, which
is denoted by y, € )V, and the learner suffers
a loss given by /(p,,y, ). The ultimate goal of

online learning is to minimize the total loss
caused by incorrect predictions, which is given

by il( p,,y,) for T rounds. Classic statistical
i=1
methods can address such problems if there
are strong statistical correlation between past
and present, e.g., X,,X,,..., X, are independent
and identically distributed, and the loss func-
tion is given explicitly in an analytical form.
However, these assumptions are usually not
satisfied in practical online learning problems.
Instead of focusing on minimizing the actu-
al loss, most online learning algorithms focus
on minimizing the regret compared with hy-
pothesises h: X — ) from a finite hypothesis
space H. Formally, the regret of an algorithm

(a) No traffic burst

(b) Traffic burst

Fig. 2. Proactive load balancing for traffic burst in 5G and beyond networks. The

cells along the road are reshaped before the bus passes through, such that the pas-

sengers on the bus can experience the highest data rates and the minimum number

of handovers.

relative to hypothesis h € H is defined as

Regret, (h)=Z::l(17,syt)_il(h(xt)’yt)’

and the regret to the entire hypothesis space is
defined as
Regret, (H) = max Regret; (h).

Therefore, a variety of “low-regret” algo-
rithms have been proposed (e.g., the Follow
The Leader algorithm), in which the regret
increases sub-linearly with T. These “low-re-
gret” algorithms guarantee that the average
loss in each round will be as good as the best
hypothesis in { when T goes to infinity. When
the prediction domain ) is a convex set and
the loss function /:) — R is convex, online
convex optimization techniques can be applied
to accelerate the learning process.

Thus, we propose a proactive load balanc-
ing architecture based on online learning, as
shown in figure 3. In the proposed architec-
ture, each access point performs an indepen-
dent traffic predictor based on online learning
and a central coordinator performs a global
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Fig. 3. Architecture of proactive load balancing in 5G and beyond networks.

load balancer to adjust cell parameters in the
target area. In each round t, the predictors col-
lect relative information x, from neighboring
cells, e.g., historical data rates and association
information of neighboring users. And they
make predictions p, on whether a traffic burst
will arrive in the next round. The load bal-
ancer collects the prediction information and
returns the optimal cell configurations that
can alleviate the traffic congestion in the next
round. Then, the access points start to adjust
their cell parameters before the traffic burst
arrives. By using the prediction-action-obser-
vation loop, burst congestions caused by rapid
traffic changes can be effectively alleviated.

V. CONCLUSIONS

In this paper, we analyzed the potential de-
ficiencies of the conventional model-based
paradigm in mobile wireless communications,
such as the difficulty of defining accurate mod-
el and getting system parameters, the prohibi-
tive computational complexity, the infeasibili-
ty of producing lossless block decomposition.
We have shown how the data-driven paradigm
using state-of-the-art machine learning tech-
nology can relax such pressures facing the fu-
ture mobile networks by building the networks
directly on the data produced by itself. At last,
we presented a typical use scenario of the da-
ta-driven paradigm, in which online learning
methods are utilized to realize proactive load
balancing, so as to avoid burst congestions
for rapid traffic changes. We believe that the

data-driven paradigm is with great potential
to push forward the development of mobile
wireless communications, and a great number
of research problems related should be studied
in the future.
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