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Abstract

The evolution of the telecommunications industry into complex, software-defined and data-rich environments, using traditional,
rule-based methods of anomaly detection has driven them to obsolescence because they cannot operate on the Telco scale of
high volume, velocity and complexity of data streams. This report concludes that deep learning is a strategic imperative for
communication service providers, who will need to move beyond rules built on language and craft intelligent, self-learning
systems and more effective at identifying and mitigating threats.

The key deep learning architectures are brought to light including autoencoders for identifying unknown, zero-day attacks, and
long-short term memory (germline short) networks for modeling circadian temporal cohesion in a time-series of the information.
These models are being used in critical applications such as detecting network intrusion in real-time, fraudulent activities, and
proactively preventing service degradation. The report also discusses serious operational challenges of real-world
implementation that include the lack of data balance, low-latency processing needs and bounding the model drift. Glancing
ahead, the document touches upon the need for advanced capabilities such as Explainable Al-sensitivity for building trust and
offering transparency, and privacy-preserving federated learning (which is collaborative model training without having to risk

sensitive user data).

Introduction

The telecommunications industry is in the midst of a great
transition from traditional, hardware-centric systems to
complex, software-defined and data-rich systems. This
evolution has made network management and security a more
difficult challenge than ever before, as legacy, rule-based
systems cannot easily handle the sheer volume, velocity and
variety of data being created. These traditional methods of threat
detection based on static thresholds and manual definitions are
not new in being unable to detect the subtle, complex and ever-
changing patterns indicating the presence of modern threats and
service issues - and therefore tend to result in a high false-
positive rate.

To overcome these shortcomings, communication service
providers (CSPs) are now looking to deep learning as a key
element of their operational strategy. Unlike traditional systems,
deep learning models can learn and adapt to network behaviour
on giant and unlabeled data sets without relying on any
predefined rules. This report dives into how deep learning
architectures-from autoencoders for identifying unknown agents
to LSTMs for processing time-series data-are being used to
detect network intrusions, fight fraud and prevent service
degradation in real-time. While powerful, the path to
implementation is not without its challenges: issues of data
management, operational latency, and model drift, provide just
a few examples. The future of this field, is headed towards
transformative concepts, such as privacy-preserving federated
learning and explainable Al, that will play a key role in creating
more secure and transparent networks.

Executive Summary

The telecommunications industry is experiencing a massive
transformation, away from traditional hardware-centric
infrastructures to agile and software-defined environments and

data-rich environments. This evolution has revolutionized the
face of network management and security. Historically,
anomaly detection was done using manual techniques and
static/rule-based systems to detect deviation from expected
values. However, unprecedented telecom data volume, velocity,
and variety have left these conventional techniques lacking.
They are biased toward high levels of false positive errors and
do not have the ability to recognize the sophisticated, complex
and ever-changing patterns that characterize modern threats and
service problems.

This report provides an unequivocal answer-no longer an
experimental thing to add-telecom is deep learning and a vital,
essential, and central part of modern telecom strategy. By taking
advantage of models including autoencoders and Long Short-
Term Memory (LSTM) networks, communication service
providers (CSPs) have an opportunity to push the limits of static
rules to build intelligent, learn-as-you-go models capable of
being robust and scalable. These models are very good at
detecting new threats, detecting fraudulent operations and
proactively avoiding service degradation in real-time mode. The
analysis provides key takeaways that include: the critical
importance of unsupervised learning for identifying new or
unknown threats, the need to overcome critical operational
issues such as data imbalance and model drift, and emergent
advanced paradigms such as privacy-preserving federated
learning and explainable Al.

The Paradigm Shift: Traditional to Al Incorporated Anomaly
Detection

Defining Anomalies in The Telecom Context

Anomalies, or outliers, are data points or events that differ
significantly from a dataset's normal behavior. In the
telecommunications area, these deviations can have a multitude
of sources, and are often the sign of critical things. The others
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classify the domain-specific anomalies identified in telecom
networks into four major categories:

e System-Related Anomalies: System-Related Anomalies
refer to the failure of equipment, software,
misconfigurations, and unplanned changes in network
topology.

e Network-Related Anomalies: These directly impact the
overall function of the network, and are manifested as
sudden spike or dip in the traffic volume, unusual traffic
patterns, or latency problems, packet loss, or service
outages.

o Billing-Related Anomalies: These include mismatches
between actual service consumption and the billed amount,
billing that deviates from expectations or patterns that could
be fraud.

e Customer-Related Anomalies: These anomalies are
abnormal usage patterns that may indicate a possible
security threat or fraudulent activity.

e Beyond these categories of operation, anomalies are also
classified technically according to their manifestation
within a data set, in a framework that is very important for
designing a model.

e Point Anomalies: A single, isolated data point that widely
differs from along with the other data points in the set. For

instance, a sudden burst of traffic to a specific server that is
significantly higher than ordinary levels may constitute a
point anomaly and possibly an attack on the system or a
malfunction of a system.

e Contextual Anomalies: A data point which is anomalous
in the context of a certain context. For example, if a good
number of SMS messages is sent from a customer account
at 3 a.m., that may be normal for a user on another side of
the world, but from a user consistently at a scale
consistently in the United States, that may be a contextual
aberration that warrants concern about a fraudulent bot or
account takeover.

e Collective Anomalies: A series of data points that alone
would not be anomalous but in combination with all other
points combined are an indicator of deviation. A classic
example could be a series of failed login attempts and a
single successful login which happens to come from a
foreign IP address; this combined pattern might indicate a
distributed brute force attack or botnet activity (it would not
be detected if monitoring was to be limited to a single such
event).

The ability to discriminate between these anomaly types is a pre-
requisite of the selection and training of the proper deep learning
model.

,_;l_\;lgg”naly Description Telecom Network Example
_ A single data point that deviates A sudden, single s_plke in data usage from a single deylce
Point Lo that far exceeds its normal historical usage, potentially
significantly from the rest of the | _. - . - .
Anomaly data signaling an equipment failure or malicious data
] exfiltration.
A data point that is abnormal only An_unusual dro_p in network activity from a cell tower
Contextual L o : during peak business hours, suggesting a localized service
within a specific context (e.g., time, -
Anomaly . degradation or outage that would be a normal occurrence
location). .
during off-peak hours.
. A sgt of data points that collectlvel_y A sustained, unusual pattern of low-bandwidth connections
Collective deviate from the norm, even if . . .
Anomaly individual points  are not from multlpl_e d_ewces to a _known malicious IP address,
anomalous which could indicate a coordinated botnet attack.

The shortcomings of old methods

Historically, telecom companies have used the manual methods
and rules-based systems to detect anomalies. These systems
work by establishing predetermined thresholds and hard coded
rules to identify any data points that fall outside of a narrow
range of expectations. While simple to implement, this approach
is fundamentally insufficient for the modern day
telecommunications flavor.

The fundamental limitation comes from the scale and
complexity of the data being generated. As networks grow in
dynamics, heterogeneity and vastness, traditional methods
struggle to cope with the "high volume, high velocity data
generated by a variety of sources". Manually specifying the

ideal thresholds for all possible network variables is labor
intensive and requires a great deal of background knowledge, so
it is not a sustainable practice. This inflexibility also pokes holes
in the system, as rigid rules prove incompetent to adapt to the
normal, but often unpredictable, changes in network traffic and
user behavior, which leads to a high rate of false positives. Most
critically, these systems are "limited in pattern recognition,"”
meaning that they can't pick up on the kinds of complex, non-
linear anomalies that are often indicators of sophisticated
cyberattacks or of new or second-generation threats. A direct
result of this overwhelming growth in data and its complexity is
the need for a paradigm shift adopted from traditional ones to
intelligent, Al-driven solutions.
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Deep Learning Architectures for on-Calling Anomalies
Deep learning provides a great way to solve issues with
traditional methods; the models have the ability to learn
complex patterns from raw data, which is not constrained in any
way, so that we don't have a limitation of adding particular
thresholds. The suitability of a particular deep learning model
depends on the nature of the data and the type of anomaly for
which you are looking for.

Autoencoders: The Reconstruction

Autoencoders are a type of unsupervised deep learning model
which are especially suitable for the area of anomaly detection.
They're designed to learn a compressed, low-dimensional
representation of input data and then reconstruct it. The model
is composed of an encoder which compresses an input vector to
a smaller "latent” vector, and a decoder which reconstructs the
original input from this shrunken representation.

The power of autoencoders when it comes to anomaly detection
is in the way they are trained! They are exclusively trained on
"normal” network traffic data and thus learn to "rebuild” only
those patterns that existing standard network behavior. When a
new data point is presented, the auto encoder tries to reconstruct
it. If the data point is a normal one, then the error in this
reconstruction (the difference between the original and
reconstructed data) will be minimal. However, if the data point
corresponds to an anomaly, then the model as it has never
witnessed this pattern before will fail to reconstruct the anomaly
as such, leading to a huge reconstruction error. That makes
autoencoders uniquely good at detecting "unknown types of
attacks (i.e., zero-day attacks)" that don't obey any predefined
rules or signatures.

When implementing a system with autoencoders, we have
several design issues to take into consideration. These include,
determining the correct number of hidden layers and neurons,
and most critically, the dimension of the latent layer. Too small

of a latent size might mean the model cannot catch nuances of
normal data and too large of a latent size might not enforce
generalization, potentially hurting the model's capacity to find
novel anomalies. A final threshold needs to be determined to
classify data as normal or anomalous based on the
reconstruction error that is difficult with no such activity
labelled data available.

LSTMs and RNNs: How to handle Time-Series Data

Telecom network data is incidentally: it is photographic in time
and has a great sequential component that makes it perfect for
analysis with recurrent neural networks (RNN) and advanced
(Long Short-Term Memory, LSTM) neural networks. LSTMs
by nature are dedicated to handling sequential data, and they do
so via internal mechanisms (which we call "gates") for
controlling the flow of information. The "forget gate™ controls
the information that needs to be dropped from the previous time
step, whereas the "input gate" controls what new information
should be stored in the memory cell, so that LSTMs can store
long term dependencies and patterns. This capability is critical
for detecting anomalies that is defined by a sequence of events,
such as a sequence of failed transactions followed by a
successful one, or an unusual sequence of network connections.

Hybrid Approach / Ensemble Approaches

While the individual models are powerful, advanced solutions
many involve a combination of different techniques in order to
improve accuracy and strength. A representative example is the
combined LSTM-CNN model that utilizes a one dimensional
convolutional layer to learn features from a sequence of data,
which is fed into an LSTM layer to learn the temporal sequence
of such information. This emboldens the advantages of both
architectures, letting the model detect the spatial features and the
temporal patterns. Other fruitful methods involve joint
optimization of both forecasting and reconstruction methods
that might result in better performance in fault detection.
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Model Core Mechanism Ideal Use Case Key Advantages Key Limitations
An unsupervised | Detecting Requires significant
neural network that | unknown,  zero- | Unsupervised, 4 . g
LA computational power and
compresses and | day attacks and | making it ideal for large  trainin sets:
Autoencoder | reconstructs data, | anomalies in high- | unlabeled data; ge g '
. . . . : sensitive to
with high | dimensional  or | effective for zero-day .
. hyperparameters;
reconstruction error | unstructured data | attacks. o .
. . . difficult to interpret.
flagging anomalies. like logs.
A type of recurrent | Detecting Excels at modeling | Computationally
neural network | anomalies in time- | temporal intensive; may be
designed to capture | seriesdata, suchas | dependencies and | difficult to tune
LSTM/RNN - : )
long-term unusual traffic | sequential data; can | hyperparameters and
dependencies in | patterns or | identify  collective | avoid issues like
sequential data. sequential events. | anomalies. vanishing gradients.
Contextual  and | Combines the | q lexity |
. collective strengths of multiple Increased complexity in
. Combines a CNN for . . . implementation and
Hybrid . anomalies in | architectures to | . . .
feature extraction - interpretation; higher
Models (e.g., . sequential data | enhance  robustness .
with an LSTM for _ | computational
LSTM-CNN) . streams where | and accuracy, . .
temporal modeling. . requirements than single-
patterns are | demonstrated  high
model approaches.
complex. performance.

Strategic Uses with Telecom Data Streams

Deep learning-based anomaly detection systems have moved
away from theory, with benefits that offer real benefits for the
entire telecom value chain, from network security to service
quality.

Up Front Network Intrusion Detection

Intrusion Detection and Prevention Systems (IDPSs) are a key
element of cybersecurity and scan networks for indications of a
policy violation or a threat. Deep learning has revolutionized
such systems by providing "Anomaly-based intrusion detection™
where a system is trained to learn a baseline of normal partway
behavior and flags up any deviation. This is crucial in order to
spot many types of threats that signature-based systems just
wouldn't catch. For example, botnet this's activity could be
detected using deep learning models, as well as DDoS attacks
and suspicious device connection. These systems offer an
important layer of security, they continuously observe network
traffic and generate immediate warnings, which makes the
response take place quicker than in case of manual observation.

Buzzing in Combating Fraudulent Activities

One such high-impact use case to detect fraud in real-time is
deep learning being implemented in telecom industries. The
goal is to detect unusual usage or in terms of the billing patterns
that may indicate a fraudulent scheme, before it goes to great
extent of damage. Models grounded in historical data can
identifyBehavioral changes on sudden and unusual transactions
such as a user who usually makes small and local transactions
suddenly pushing for a massive withdrawal or account takeover.
Specific examples of fraud detection are:

SIM Swap Fraud Detection: Deep learning models analyze
variations in SIM card activity for indications of fraudulent
activity inside SIM-swap fraud.

Call and Data Pattern Anomalies: Real-time systems can spot
spikes in the number of calls, spikes in data use, or suspicious
roaming behavior which may be a scheme by a fraudster.

Making Services Work
Degrading

Deep learning models are also essential for proactive network
management [and] ensuring the quality of service. By analyzing
network telemetry data such as flow records and logs, Al
systems can determine a baseline of normal network behavior
and detect deviations. These anomalies can be a warning sign of
underlying problems such as equipment failures, software
problems, or misconfigured devices. The same underlying deep
learning models that are used to identify a cyberattack (e.g., a
sudden increase or surge of traffic) can also be used for
operational purposes (e.g., to identify a network failure which
causes a surge of traffic). This means only one empowered
platform can solve the single security or service degradation and
hence will hygiene in operational and costs volunteering.

and Preventing Them from

Al offers "real-time network health visibility" and helps with
predictive maintenance, meaning that CSPs will know and
diagnose possible issues that will affect end-users, allowing
them to resolve them before it's too late. Case studies from
industry leaders demonstrate that through Al-powered
monitoring, fault detection can be automated, cutting the amount
of manual inspection, allowing us to schedule proactive
maintenance to reduce downtime and prolong the life of
equipment. The results of these proactive efforts are tangible:
service interruptions and maintenance costs have been
significantly reduced after CSPs adopted intelligent fault
management, according to CSPs.

Operational Issues and Best Practices for Actual Use

The transformation from a deep learning prototype to a
deployed, real-time anomaly detection system is full of
operational hurdles and needs a strategic approach.

Data Management/Preprocessing

The success of any deep learning model depends on the quality
and differentiate information in which it is based. Telecom data
is characterized by unusual challenges because of its sheer
volume, velocity and variety. Key issues include missing data,
noise and inconsistencies that can result in the inaccurate model
results.
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A basic issue is the inherent imbalance of telecom datasets
where anomalies are extremely infrequent when compared with
normal instances. This imbalance can cause traditional models
to fail due to the general optimization for overall accuracy
wherein the minority pattern of anomalies is effectively ignored.

Best practices involve data preprocessing techniques such as
scaling and missing value treatment, feature engineering in
order to generate informative features that encode underlying
trends and patterns.

R —_— T~
- C ~=o ) (o)
Local Client Central Server Communica-
tion service
l l provider
~— =
Private |
Data
Local Client Model Updates Model

Real-time Processing and latency

e For real-time applications such as network intrusion
detection, the several seconds delay can have dire
consequences. This makes a solution to the fat client's
heavy computational needs of complex deep learning
models necessary. Some of the strategies to deal with
Latency are:

e Scalable Architectures: Implementing platforms that can
manage high data volume and velocity such as Apache
Kafka facilitates with the parallel processing of data and
timely insights.

e Model Optimization: Techniques such as pruning and
quantization can help optimize deep learning models,
reducing their complexity and size without affecting their
accuracy, reducing inference time.

e Edge Computing: Bringing data processing and inference
closer to the point of origin, on edge devices, could help
lower round-trip data communications to cloud computing
servers deployed far away, which would combat high
latencies and meet strict performance requirements.

Model Maintenance - Concept drift

The dynamic nature of telecom networks: that mean data
patterns and pattern of user behavior is constantly evolving. This
results in a problem called "concept drift* where a model's
performance degrades over time due to the fact that the patterns
it remembers from training previously were not representative
of the current data. This requires a proactive approach to model
maintenance including frequent retraining, and "continuous
learning" or self-adaptive systems that can adapt to model new
data patterns in real time.

Challenge Description

Mitigation Strategy

Data Volume &
Velocity
real-time processing.

The immense, high-speed flow of data
overwhelms traditional systems and
requires specialized architectures for

Implement a scalable, parallel processing
architecture using technologies like Apache
Kafka or RabbitMQ to handle high throughput.

Data Quality Issues
unreliable results.

Inconsistent, noisy, or missing data can
lead to inaccurate model training and

Employ robust data preprocessing techniques,
including cleaning, scaling, and handling missing
values, before model training.

Imbalanced
Datasets
actual anomalies.

Anomalies are a rare minority class,
causing models to prioritize
majority class and potentially miss

Utilize specialized anomaly detection algorithms
the | (e.g., Isolation Forest, One-Class SVM) and
focus on evaluation metrics that are not skewed
by imbalance (e.g., F1-score, precision, recall).

Computational significant computational

Complex deep learning models require
resources,

Optimize models through pruning or quantization
and leverage distributed computing frameworks

(L);/fer:cead & which can lead to processing delays in | or edge computing to process data closer to the
Y real-time applications. source.

A model's performance degrades as Implemen_t continuous learning techniques and
. . self-adaptive systems that can be regularly

Model Drift network traffic patterns and user . .
. . retrained to account for changes in data

behavior evolve over time. SR
distribution and new patterns.
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Model Evaluation and Performance Metrics

The assessment of a deep learning model for anomaly detection
is as important as the design of a model. However, traditional
modes of performance are potentially misleading and need to be
used cautiously especially because of the imbalanced nature of
the dataset.

The Thoroughness of Insufficiency of Accuracy

Accuracy which shows what percentage of all anomalies are
detected is a flawed metric to evaluate anomaly detection
models. The extreme rarity of Anomaly in a data sets means that
a simple model that does nothing and classifies all the data as
"normal™ could have an accuracy rate of 99% or higher. This
high score is deceptive however since the model would not
notice any actual anomalies at all. The challenge inherent to
unbalanced datasets is the full reason why we need measures
other than simple accuracy for a meaningful evaluation.
Important Metrics for Imbalanced Data

To actually take the measurement, to measure a model's ability
to pick out the minority class anomaly, different metrics are
needed. These metrics offer a less basic and more insightful
view of model performance.

e  Precision: A measure that tests the 'strength’ of the quality
of models or stakeholders flagging correct anomalies from
the potential identified instances that were flagged as an
anomaly by the model. High precision reduces false
positive

e Recall (Sensitivity): Tracks the along correctly-identified
anomalies out of total actual anomalies in the data set. High
recall ensures false negatives are kept to a minimum.

e Fl-score: Harmonic mean of precision and recall; a one-
number score that balances between the two trade-offs
precision and recall.

e AUC-ROC (area under the curve of the Receiver Operating
Characteristic):  Quantifies model's respective for
differentiating the normal and anomalous instances under
all possible classification threshold.

The decision on whether to optimize for precision or recall is
entirely business-specific. For a use case such as fraud detection,
a higher recall often is refortified to ensure that as many cases
of fraudulent activities are caught, even if this means a higher
number of false-positives or cases that need to be reviewed by
humans. On the other hand, with a mission-critical system, you
might value precision above all else in an effort to minimize the
number of false alarms and so eliminate unnecessary alerts.

Metric Definition Significance for Anomaly Detection
Precision The ratio of true positives to all | High precision indicates a low rate of false positives. It is
positive predictions (P=TP+FPTP) | crucial when the cost of a false alarm is high.
Recall The ratio of true positives to all High recall |n_d|cate_s th_e_model is catching most pf the
. . _ actual anomalies. It is critical when the cost of missing an
(Sensitivity) actual positives (R=TP+FNTP) S
anomaly is high.
. - Provides a single, balanced metric that considers both false
F1-score The harmonic mean of precision ositives and false negatives, making it suitable for overall
and recall (F1=2-P+RP-R) P alse negatives, g
model comparison.
The area under the curve that plots | Measures the model's ability to distinguish between classes
AUC-ROC the true positive rate against the | across various thresholds. A higher score indicates a better
false positive rate. overall performance for imbalanced datasets.

Future directions and Advanced Concepts

The evolution of anomalous detection in telecommunications is
going for more sophisticated and secure solutions with
transparency.

Explainable Al (XAl): Generating Trust and Transparency
Deep learning models, in particular complex neural networks,

The benefits of XAl in anomaly detection are profound: XAl
could use to improve human decision with additional
information about the cause of an anomaly, such as a specific
network variable, or a specific user behavior pattern. This
context enables network operators and security teams to take
appropriate actual counter measures, to distinguish between a

are often described as 'black boxes' because their decision-
making process cannot be easily understood by humans. In high
stakes telecom applications, such as network security and based
services, this lack of transparency is a brake switch to adoption.
Explainable Al (XAl) is a subset of Al that tackles this issue by
returning some sort of description on how a model came up with
its result.

simple system failure and a malicious attack and to build trust in
the Al system. Furthermore, the ideas offered by XAl can be
utilized to feed back to the location and what fine tunings our
algorithms require to make improvements to the deep learning
algorithms to minimize false positives and negatives

Network Traffic

Point Anomaly

Collective
Anomaly

Traffic

AAVA

Contextual
Anomaly

Time
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Federated Learning the Privacy-Preserving Paradigm

As more CSPs use massive volumes of their customer's data for
Al-driven applications, there is a critical issue around privacy
and security. Traditional centralized learning wants the data
from the raw data to be collected in one place, which poses
major privacy risks and regulations.

Federated Learning (FL) is the transformative and privacy-
preserving way out. FL allows collaborative model training over
a distributed network of devices or nodes with the number of
central server-transmission of sensitive data from the users.
Instead, local clients train a model using their private data sets,
and only transferred completed models or changes to parameters
to a central aggregator. This decentralized approach is a way of
solving the "data island" problem, under which companies are
reluctant to share their data for reasons of privacy or commercial
confidentiality. It enables CSPs to feed more powerful models
from disparate, fragmented data sources and still adhere to data
sovereignty and privacy legislation. This ability to use large,
proprietary and geographically disparate data to yield better
model training is a huge strategic advantage, as AT&T's purpose
of the concept of data as its "most valuable asset” implies.

The Role of Generative Al and Digital Twins

Recent advancements in Al and, specifically, generative Al
(GenAl), are transforming telecom operations. Vodafone in
conjunction with Google Cloud is using GenAl for a variety of
applications beyond anomaly detection, including automating
documentation, enabling field technicians to have real-time
advice on troubleshooting issues and building digital twins of
the network. Digital twins of a physical network, or virtual
representations that can simulate or model complex
environments, could be used to refine Al models or optimize the
performance and efficiency of networks and energy use. This
provides for proactive planning and a more dynamic, responsive
networking.

Industry Case Studies

The strategic application of deep learning with the organ in
anomalous detection is best manifested in the initiatives of big
telecommunication providers in the real world.

AT&T and Vodafone: Designing the Future

AT&T Labs has built Al and machine learning into the very
fabric of network lifecycle from design, planning, to
management and optimization. AT&T uses Al for forecasting
traffic, capacity planning and for building and validating new
network equipment. Its innovations with Al-enabled automation
can provide the network to "auto-heal quickly and effectively,"
and predictive analytics are being used to anticipate and resolve
service issues before they're even noticed by customers. The
company also uses machine learning measures to optimize
energy use with a technique called ML optimized cell site
sleeping.

Vodafone is leading the GenAl transformation through Google
Cloud's Al Booster platform & Neuron, a custom-built 'data
ocean' that has enabled fast development and deployment of Al
models. The magic of these platforms and the synergy they
provide to Vodafone can be used to build powerful Al apps with
massive amounts of centralized data. A fundamental application
case in this regard is the empowering of field technicians to
troubleshoot processes remotely with guidance that incorporates
multiple modes and real-time characteristics, thereby reducing
the on-site visit costs and ensuring customer satisfaction.

Ericsson: The Cognitive Networks of the Future

Ericsson has a strategic vision for what it terms "fully cognitive
network™ by 2030, a system that will learn, reason, and act-with
near autonomy-on business intent. The company has already
shown the viability of this vision through real world proof-of-
concepts with its partners. For example, one US-based pilot, T-
Mobile US, demonstrated that the application of Al across the
operations support system (OSS) might lead to an improvement
in problem discovery and resolution efficiency of over 100%
and a reduction in manual operations of 70%. Ericsson is also
harnessing the power of Al for network slicing assurance, which
has proved to be a good strategy to reduce operational
procedures by up to 35%. The vision of these cognitive networks
presents a fundamental evolution of human jobs from manual
labor and employment into strategic oversight and decision
making, while the Al takes on complex and tedious jobs and
humans go to address higher-level problems and governance.

The Anomaly Detection Pipeline

Data
| Preprocessing

Anomalous

Telcom
Sources

Conclusion

The evidence from throughout this report makes it clear that
adoption of deep learning is a strategic imperative for the
modern telecommunications industry. The inherent limitations
of traditional, rule-based systems in the face of massive, high
velocity data streams have rendered them unsuitable to identify
sophisticated network inroads, combat the ever-evolving fraud

schemes, proactively prevent the deterioration of services. Deep
learning models, especially autoencoders and LSTMs, can bring
a strong and scalable solution in that they learn and adapt
patterns without static threshold usage.

Successful deployment of these technologies, however, requires
a thoughtful approach to navigating significant operational
hurdles, such as data management and real-time and continuous
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maintenance of models to address concept drift. The value of
this transformation in terms of founding networks is not just the
fact that the network is more secure and robust, but open to new
revenue streams and changes how the efficiency of the network
for the first time is defined. As industry leaders such as AT&T,
Vodafone, and Ericsson continue to lead the way in the
development of artificial intelligence (Al)-driven intelligent
networks, deep learning continues to cement itself as the NMR
for the telecommunications ecosystem, and a role that will only
continue to grow in importance as the industry continues to
evolve.
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