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Abstract The dynamic management of network resources is
both a critical and challenging task in upcoming multi-tenant
mobile networks, which requires allocating capacity to individ-
ual network slices so as to accommodate future time-varying
service demands. Such an anticipatory resource con guration
process must be driven by suitable predictors that take into
account the monetary cost associated to overprovisioning or
underprovisioning of networking capacity, computational power,
memory, or storage. Legacy models that aim at forecasting
traf ¢ demands fail to capture these key economic aspects of
network operation. To close this gap, we present DeepCog,
a deep neural network architecture inspired by advances in
image processing and trained via a dedicated loss function.
Unlike traditional traf ¢ volume predictors, DeepCog returns
a cost-aware capacity forecast, which can be directly used by
operators to take short- and long-term reallocation decisions that
maximize their revenues. Extensive performance evaluations with
real-world measurement data collected in a metropolitan-scale
operational mobile network demonstrate the effectiveness of our
proposed solution, which can reduce resource management costs
by over 50% in practical case studies.

Index Terms Mobile networks, Network Slicing, 5G networks,
Arti cial Intelligence, Deep Learning.

I. INTRODUCTION

Network slicing is an emerging paradigm that is expected
to characterize 5G and beyond-5G mobile systems. Network
slicing allows operators to tailor Virtual Network Functions
(VNFs) to the precise requirements of individual mobile
services [1], and will be key in enabling the unprecedented
heterogeneity of future mobile applications [2]. Managing
sliced networks will represent a major challenge for operators,
since this new paradigm represents a shift from the rather
limited recon guration possibilities offered by current Opera-
tions and Business Support System (OSS/BSS) to a complex,
software-de ned control layer that must dynamically organize
thousands of slices belonging to hundreds of tenants on the
same infrastructure [3].
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A. Network management and capacity forecast.

To rise to the challenge, network operators must introduce
substantial automation in the presently human-driven manage-
ment and orchestration (MANO) processes, ultimately realiz-
ing the 5G principle of cognitive network management [4].
Achieving this objective requires advances in two comple-
mentary technologies: (i) technical solutions that enable end-
to-end Network Function Virtualization (NFV), providing the

exibility necessary for resource reallocation; and, (ii) a net-
work intelligence that automatically identi es and anticipates
demand patterns from streaming network measurement data,
and then takes decisions on how to con gure VNFs and
allocate resources so as to maximize the system ef ciency.

From a technical standpoint, solutions that implement NFV
at different network levels are well established, and start to be
tested and deployed. Examples include current MANO plat-
forms architectures like ETSI NFV [5], and implementations
of MANO controllers such as OSM [6] or ONAP [7] that sup-
port recon guring resources to VNFs on the y. By contrast,
the integration of intelligence in cognitive mabile networks is
still at an early stage. Nowadays, resource assignment to VNFs
is a reactive process, mostly based on hysteresis thresholding
and aimed at self-healing or fault tolerance. There is a need for
proactive, data-driven, automated solutions that enable cost-
ef cient network resource utilization, by anticipating future
needs for capacity and timely reallocating resources just where
and when they are required.

The aim of our work is precisely to contribute to the
de nition of a network intelligence that is adapted to a network
slicing environment. More speci cally, the focus of this paper
is on the design of data analytics that enable the anticipatory
allocation of resources in cognitive mobile networks. To this
end, we investigate a machine learning solution that runs
on traf ¢ measurement data and provides operators with
information about the capacity needed to accommodate future
demands at each network slice a critical knowledge for data-
driven resource orchestration. We take a pragmatic approach,
and duly account for the economic costs associated to the
operation above.

Indeed, resource orchestration decisions have a direct mon-
etary impact for the network operator in terms of operating
expenses, which can be divided into two macroscopic cate-
gories of cost.

Overprovisioning  when providing excess capacity with
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respect to the actual resource demand, the operator incurs
a cost due to the fact that it is reserving more resources
than those needed to a network entity (e.g., a network
slice, a network function, or a virtual machine). As
resources are typically isolated across slices, this seizes
the excess resources from other network entities that
may have possibly used them. At a global system level,
continued overprovisioning implies that the operator will
have to deploy more resources than those required to
accommodate the user demand, limiting the advantage of
a virtualized infrastructure and of cognitive networking
solutions in general.

SLA violation  if insuf cient resources are allocated
to a network entity, users will suffer low Quality of
Service (QoS), or even discontinued service. This has
an indirect price for the operator, in terms of customer
dissatisfaction and increased churning rates, which is not
simple to quantify. However, in emerging contexts such
as those promoted by network slicing, underprovisioning
also entails a different, more direct and quanti able
economic penalty for the operator. Under slicing, oper-
ators will sign Service Level Agreements (SLAs) with
the mobile service providers, which need to be strictly
enforced. Underprovisioning means violating such SLASs,
which results in substantial monetary fees for the network
operator.

Clearly, the cost is not the same in the two cases, and it may
also vary depending on the speci ¢ settings, including the
nature of the concerned resources, the technologies deployed
in the network infrastructure, or the market strategies of the
operator. In all cases, we posit that, once suitably modeled,
such costs shall be at the core of the orchestrating decisions.

Legacy techniques for the prediction of mobile network
traf c, such as the one reviewed in Section 11, fall short in this
respect. Such models aim at perfectly matching the temporal
behavior of traf c, independently of whether the anticipated
demand is above or below the target, and are thus agnostic
of the aforementioned costs. As a result, they return forecasts
as that depicted in Fig. 1a, which refers to a real-world case
study of YouTube video streaming traf ¢ at a core network
datacenter. Note that no distinction is made between positive
and negative errors, which leads to substantial SLA violations
covering roughly half of the observation time. The operator
may then attempt to apply overprovisioning to the output
provided by such a traf c predictor. Unfortunately, legacy
forecast models do not offer any insight on how large the
excess resource allocated on top of the forecast demand should
be. As we will demonstrate later in the paper, this makes such
a strategy highly inef cient.

B. Paper contributions and data-driven setup

In this paper, we present DeepCog, a new mobile traf c data
analytics tool that is explicitly tailored to solve the capacity
forecast problem exposed above. The design of DeepCog
yields multiple novelties, summarized as follows:

It hinges on a deep learning architecture inspired by
recent advances in image and video processing, which
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Fig. 1. Top: actual and predicted weekly demands for YouTube at a datacenter
controlling 470 4G eNodeBs. Bottom: levels of overprovisioning (blue) and
capacity violations (red) over time. (a) Output of a recent deep learning
predictor of mobile traf c [8]. (b) Output of DeepCog, tailored to anticipatory
network resource allocation. The best view of this gure is in colors.

exploits space- and time-independent correlations typical
of mobile traf ¢ and computes outputs at a datacenter
level;
It leverages a customized loss function that targets ca-
pacity forecast rather than plain mobile traf c prediction,
letting the operator tune the balance between overprovi-
sioning and demand violations;
It provides long-term forecasts over con gurable pre-
diction horizons, operating on a per-service basis in
accordance with network slicing requirements.
Overall, these design principles jointly solve the problem of
capacity forecast in network slicing. This is illustrated by
Fig.1b, which shows an example of the required capacity
forecast by DeepCog in a real-world case study. We remark
that DeepCog is one of the very rst examples of rigorous
integration of machine learning into a cognitive network man-
agement process, and marks a difference from the common
practice of embedding vanilla deep learning structures into
network operation [9].

Extensive performance evaluations with substantial mea-
surement data collected in an operational metropolitan-scale
mobile network demonstrate the superiority of our approach
over a wide range of benchmarks based on traditional and
state-of-the-art mobile traf ¢ predictors. Even though our
performance evaluation focuses on cellular network environ-
ments, it is worth noting that the data-driven approach adopted
is highly exible and can be applied to forecast capacity
in different scenarios, including, e.g., other types of access
networks.

The document is organized as follows. We rst provide
a review of related works, and highlight the novelty of our
proposed method, in Section Il. We then outline the overall
framework of DeepCog in Section IlI, and detail the design
of its most critical component, i.e., the loss function, in
Section 1V. The quality of the solution is then assessed in
realistic scenarios in Section V. Finally, we draw conclusions
in Section VI.

Il. RELATED WORK

Applications to networking problems of machine learning
in general, and of deep learning in particular, are starting to
become popular. Arti cial intelligence can indeed be applied
to solve many different problems that emerge in computer
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Fig. 2. The overall DeepCog architecture. (a) Outline and interaction of the DeepCog components. (b) DeepCog neural network encoder-decoder structure.

networks, as highlighted in recent comprehensive surveys on
the topic [9], [10].

In the context of network management, emerging paradigms
like slicing increase substantially the complexity of orches-
trating network functions and resources, at all levels. For
instance, intelligence is needed for the admission control
of new slices: as resources are limited and slicing entails
their strong isolation, this is critical to ensure that the sys-
tem operates ef ciently. With potentially hundreds of slices
allocated simultaneously, and a need to anticipate highly
pro table future requests, the decision space for admission
control becomes so large that traditional approaches become
impractical. Solutions based on deep learning architectures
represent here a viable approach [11]. Similar considerations
apply to other aspects of sliced network management, e.g.,
the allocation of computational resources to slices at the radio
access, based on transmission (e.g., modulation and coding
scheme, channel load) and environmental (e.g., signal quality,
hardware technology) conditions [12], or the anticipatory
reservation of Physical Resource Blocks (PRBs) to user traf ¢
to be served in target network slices [13].

Our speci ¢ problem relates to the orchestration of generic
resources (e.g., CPU time, memory, storage, spectrum) to
slices at different network entities, which is tightly linked to
mobile traf ¢ prediction. The literature on forecasting network
traf c is in fact vast [9], [14]. Solutions to anticipate future
offered loads in mobile networks have employed a variety
of tools, from autoregressive models [15] [17] to information
theoretical tools [18], passing by Markovian models [19] and
deep learning [8], [11], [13], [20], [21].

However, we identify the following major limitations of
current predictors when it comes to supporting resource or-
chestration in mobile networks.

First, predictors of mobile traf c¢ invariably focus on pro-
viding forecasts of the future demands that minimize some
absolute error [9], [14]. This approach leads to predicted
time series that deviate as little as possible from the actual
traf ¢ time series, as exempli ed in Fig. 1la for a real-world
case study. While reasonable for many applications, such an
output is not appropriate for network resource orchestration.
As explained in Section I, the operator aims at provisioning
suf cient capacity to accommodate the offered load at all
times, since failing to do so implies high costs in terms of
high subscribers’ churn rates, as well as signi cant fees for

violating SLAs signed with tenants. Yet, if an operator decided
to allocate resources based on a legacy prediction like that in
Fig. 1a, it would incur into capacity violations most of the time
(as illustrated in the bottom subplot).

Second, with the adoption of network slicing, forecasts must
occur at the slice level, i.e., for speci ¢ mobile services in
isolation. However, most traf ¢ predictors, including recent
ones, are evaluated with demands aggregated over all ser-
vices [8], [20], [21]. This is an easier problem, since aggregate
traf ¢ yields smoother and more regular dynamics, hence
previous solutions may not handle well the bursty, diversi ed
traf ¢ exhibited by each service. The only attempts at an-
ticipating the demands generated by speci ¢ mobile services
have been made by using multiple-input single-output (MISO)
autoregressive models [22], and hybrid prediction methods
that incorporate -stable models and sparsity with dictionary
learning [18].

Third, existing machine learning predictors for mobile traf-

c typically operate at base station level [8], [21]. How-
ever, NFV operations mainly occur at datacenters controlling
tens (e.g., at the mobile edge) to thousands (e.g., in the
network core) of base stations. Here, prediction should be
more ef cient when performed on the aggregate traf c at each
datacenter, where orchestration decisions are taken, rather than
combining independent forecasts from each base station.

Our proposed solution, DeepCog, addresses all of the open
problems above, by implementing a rst-of-its-kind predictor
that anticipates the minimum provisioned capacity needed to
cut down SLA violations. This closes the present gap between
traf ¢ prediction and practical orchestration, as it provides
the operator with an explicit capacity forecast that mitigates
underprovisioning in Fig.1b while minimizing unnecessary
resource reservation. We remark that early versions of the
DeepCog framework were presented in [23] and [24]. Those
preliminary variants of our solution could achieve short-term
capacity forecasting over the next time step, whereas the
complete version presented in this paper supports long-term
capacity prediction over a con gurable number of future time
steps.

I11. A DEEP LEARNING FRAMEWORK FOR RESOURCE
ORCHESTRATION

The design of DeepCog is outlined in Fig. 2a. Its organiza-
tion is that typical of deep learning systems, and it stems from
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