
Few-shot Learning for eNodeB Performance Metric
Analysis for Service Level Assurance in LTE

Networks
Shogo Aoki∗

∗ Waseda University
Tokyo, Japan

shogo.aoki@fuji.waseda.jp

Kohei Shiomoto†
† Tokyo City University

Tokyo, Japan
shiomoto@tcu.ac.jp

Chin Lam Eng‡ Sebastian Backstad‡
‡ Ericsson Japan
Kanagawa, Japan

{chin.lam.eng,sebastian.backstad}@ericsson.com

Abstract—With the increasing network topology complexity
and continuous evolution of the new wireless technology, it is
increasingly challenging to address the network service outage
with traditional methods. In order to improve the network
operation efficiency, a suitable machine learning technique is used
to learn and classify individual base station into different issue
based on multiple performance metrics during a specific time
window. However an issue classification with supervised learning
requires a large amount of labeled dataset, which takes costly
human-labor and time to annotate data. To mitigate the cost and
time issues, we propose a method based on few-shot learning that
uses Prototypical Networks algorithm to complement the eNodeB
states analysis. Using dataset from a live LTE network consists
of thousand of eNodeB, our experiment results show that the
proposed technique provides high performance while using a low
number of labeled data.

Index Terms—Cellular Network, eNodeB, KPI, Few-shot Clas-
sification

I. INTRODUCTION

In the long-term evolution (LTE) networks, the radio com-
munication services to the mobile users are provided by base
stations called eNodeBs. A large number of eNodeBs are
deployed to cover the entire service areas spanning various
kinds of geographical regions. Radio channel condition, user
mobility and traffic load condition varies from area to area.
As such, the state of the eNodeB can be diverse: radio
coverage and channel interference, traffic load in control and
data planes, system hardware and software issues, service
management issues. The state of eNodeB that covers a specific
area impacts the service level offered to the customer in that
area. It is therefore crucial to understand the state of the
eNodeB that covers the area.

By analyzing the performance metric generated by eNodeB,
we expect to understand the state of the area that the eNodeB
covers. Each eNodeB generates a large number of key perfor-
mance indicators (KPIs). Hundreds of thousands of eNodeBs
are typically deployed to cover a nation-wide service area.
Operators need to handle hundreds of millions of KPIs to
cover the areas. It is impractical to handle manually such a

huge amount of KPI data, and automation of data processing
is therefore desired.

Machine learning and deep learning has been used ex-
tensively in computer science for voice, face and image
recognition. Recently machine learning and deep learning has
been applied various network management tasks [11]. The
natural question is how we can apply machine learning and
deep learning to the task of analyzing eNodeB log-data to
assure the service level offered to the mobile customer.

A typical workflow of applying machine learning and/or
deep learning comprises of (1) the pre-training phase where
the classification is done using unsupervised learning, (2) the
data annotation phase where the human operators manually
examine the data and attache the label to the data, and (3)
the supervised learning phase where the classifier is trained
using a set of labeled data. In order to build a good supervised
machine learning model, we need a large number of training
data. Labeling data is a costly task. Human operator examines
data, classifies them, and annotate them with an appropriate
label.

For the task of classification, the existing supervised learn-
ing algorithms require a dataset of high quality and quantity
of human annotated data for training. To minimize the human
labor intensive and time-consuming dataset annotation task,
it is thus required to find a data efficient learning algo-
rithm/technique to build a classifier model. We should also
note that anomalies are difficult to occur in practice, so the
anomaly classes are usually sparse in the dataset. As such
it is extremely important for the operators to deal with a
unbalanced data set where a few class has only handful data
instances while others have a lot of data instances.

Current research areas such as few-shot learning show pos-
itive results in reducing the amount of annotated data required
during training while maintaining the prediction accuracy [3],
[4], [6], [8]–[10], [12]. Few-shot learning aims to lean the
model using a few samples per each class. In order to address
the above issues in applying machine learning algorithms to
the eNodeB performance metric analysis, we propose to use
few-shot learning in this paper. Taking advantage of few-shot
learning algorithm, a classifier model can be trained with978-1-7281-4973-8/20/$31.00 © 2020 IEEE



minimum number of labeled data.
In this paper, we investigate the few-shot learning that uses

Prototypical Network [10] applied to the task of eNodeB
performance metric analysis. By using real trace data from
eNodeBs deployed in production networks, we evaluate the
proposed few-shot learning method. We confirm that the pro-
posed few-shot learning methods yield better performance than
the existing methods that use neural networks including deep
learning such as convolutional neural networks (CNN). We
also investigate the semi-supervised Prototypical Network to
further reduce the number of labeled data and demonstrate that
the semi-supervised Prototypical Network yields comparable
performance with the supervised Prototypical Network. The
reminder of the paper is structured as follows. Section II intro-
duces few-shot learning and Prototypical Network. Section III
presents the experiments and results. Section IV concludes the
paper.

II. FEW-SHOT CLASSIFICATION

A. Prototypical Network

Supervised learning requires large amount of labeled train-
ing dataset to build a classifier model. Few-shot learning is a
task to adapt new classes not seen in the training dataset, given
only a few labeled example of these classes. To build such a
model, recent research employs meta-learning concept that is
trained using a set of episodes each with a small number of
labeled data for training and test.

Prototypical Network [10] is a few-shot learning that use
neural networks (NNs). Prototypical networks is based on
the idea that there exists an embedding structure in which
points cluster around a single prototype representation for each
class. It constructs non-linear mapping of the input into an
embedding space using a neural network and takes a class’s
prototype to be the mean of the labeled set of examples (the
support set) in the embedding space. It uses the training set to
extract a prototype vector from each class as shown in Fig. 1,
and then classifies the inputs in the training set based on their
distance to the prototype of each class as shown in Fig. 2.
Prototypical network learns an embedding function hϕ(x),
parameterized ϕ in a NN, that maps examples into a space
where examples from the same class are close and those from
different classes are far. Classification is then performed for the
embedded unlabeled points (the query set) by simply finding
the nearest class prototype.

Prototypical Network uses an episodic training [7] to split
data into training set S = {(x1, y1), ..., (xA×N , yA×N )} and
test set Q = {(x∗

1, y
∗
1), ..., (x

∗
T×N , y∗T×N}), where A denotes

the number of training set observations of each class, T
denotes the number of test set observations of each class, and
N denotes the number of classes. They are used for computing
prototype vectors and losses as explained below.

To compute prototype pc of each class c, a per-class average
of the embedded examples is performed:

pc =

∑
i hϕ(xi)zi,c∑

i zi,c
, (1)

Fig. 1. Left: Embedding function. Right: Prototype vector calculation using
training set.

Fig. 2. Left: Embedding function (same as Fig. 1). Right: Loss calculation
according to distance using test set.

where zi is one-hot vector. These prototypes are used as a
predictor for the class of any test set example x∗, which
assigns a probability over any class c through softmax function
based on the distances between x∗ and each prototype, as
follows:

p(c|x∗, {pc}) =
exp (− ∥ hϕ(x

∗)− pc ∥22)∑
c′ exp (− ∥ hϕ(x∗)− pc′ ∥22)

(2)

The loss function used to update Prototypical Network is then
simply the average negative log-probability of the correct class
assignments, for all test set examples:

− 1

T

∑
i

log p(y∗i | x∗
i , {pc}) (3)

Training proceeds by minimizing the average loss, iterating
over training episodes and performing a gradient descent
update for each.

B. Embedding Function

Embedding function maps discrete object eNodeB perfor-
mance metrics to a vector of real numbers so that similar
objects are close. This design is extremely important. We in-
vestigate which neural network is suitable for classifying status
of eNodeB in Prototypical Network. We focus on three types
of neural networks: multilayer perceptron (MLP) [2], two-
dimensional convolutional neural networks (2D-CNN) [5] and
one-dimensional convolutional neural networks (1D-CNN).

III. EXPERIMENTS

A. Dataset

By using real trace data from eNodeBs deployed in pro-
duction networks (we are not able to disclose the details of
dataset due to confidentiality), we evaluate the proposed few-
shot learning method. Each eNodeB reports 33 KPIs includ-
ing the number of users, connection attempts, data/signaling



packet rate, resource occupancy and radio/channel quality and
normalized zero to one for each. Each eNodeB generates 33
KPIs every hour, a record of each eNodeB per day consists
of 792 KPIs. We collected the 5052 records from eNodeBs
deployed in a production networks. The state of the eNodeB
is categorized into 13 labels as listed in Table I. The list
of the eNodeB status includes normal operating condition
(label 05), traffic related conditions (labels 00,02,03,04), ra-
dio related conditions (labels 01,06,07,08,09), service, system,
control related conditions (label 10,11,12). The number of
labeled data for each eNodeB status is shown in Table 3.
We notice that label 10 (System hardware processor load)
has only 19 instances whereas other labels have from 119 to
696 instances. Normal operating condition (label 05) has 583
instances whereas high transmission of uplink and downlink
data (label 02), weak radio wave coverage (label 01), high
traffic condition (label 00), high transmission of uplink data
(label 04), and service setup issue (label 11) are the top-5
anomaly instances in terms of the number of instances in the
dataset.

TABLE I
LABEL ASSOCIATED WITH ENODEB STATUS.

Status
label 00 High traffic condition
label 01 Weak radio wave coverage
label 02 High transmission of uplink and downlink data
label 03 High transmission of downlink data
label 04 High transmission of uplink data
label 05 Normal operating condition
label 06 Uplink control channel interference
label 07 Uplink traffic channel interference
label 08 Both control and traffic channel interference
label 09 Uplink control channel radio quality
label 10 System hardware processor load
label 11 Service setup issue
label 12 Control channel signaling

Fig. 3. The number of labeled data for each eNodeB status.

B. Prototypical Network

The aim of the experiment is to investigate the mini-
mum number of labeled data required to build a classi-
fier for eNodeB performance metric analysis. Let G de-
note the number of labeled data used in each class G.
We investigate the impact of the number of labeled data
G on the performance of Prototypical Network. We use
G = 2, 5, 10, 15, 25, 50, 70, 100, 150, 200, 250. As previously
mentioned, Prototypical Network uses an episodic training [7]
that selects A samples in training set S and T samples in
test set Q for each class from the training dataset. We use
(A, T ) = (3, 3) in the following evaluation. Prototypical Net-
work iterates m episodes by randomly picking those samples
to yield the result.

Prototypical Network uses embedding function to map
discrete object to a vector of real numbers so that simi-
lar objects are close. This design is extremely important.
We investigate which neural network is suitable for em-
bedding function in Prototypical Network. We developed a
Python program that implements the Prototype Network using
Keras/Tensorflow [1]. We evaluate the performance of few-
shot learning methods that use Prototype Network that use
MLP, 2D-CNN, and 1D-CNN as embedding function. We use
m = 20, 000 for MLP and 1D-CNN, and m = 3, 500 for
2D-CNN in the following evaluation. We compute average of
results of five experiments. We also evaluate the performance
of existing classifiers that use MLP, 2D-CNN, and 1D-CNN
as baseline methods.

F1-Scores that both few-shot learning methods and baseline
methods yield are depicted in Fig. 4. Compared with the
baseline methods, the proposed few-shot learning methods
yield better performance when the number of labeled data
for each class G is less than 50. The proposed few-shot
learning method that uses 1D-CNN outperforms all other
methods under all conditions evaluated in the experiments. The
reason why the Prototypical Network outperforms the baseline
method is explained as follows. When the number of labeled
data is small, the baseline method that computes probabilities
associated with individual classes poorly classifies the data
whereas the Prototypical Network that computes distances to
the prototype of individual classes correctly classifies the data.

We observe that the performance of the baseline method
that uses MLP quickly degrades as the number of labeled
data decreases. Even though the baseline methods that use
2D-CNN and 1D-CNN outperform the baseline method that
uses MLP, their performance degrade as the number of labeled
data decrease when the number of labeled data for each class
G is less than 50.

We notice that the baseline method that uses 1D-CNN
outperforms the baseline method that uses 2D-CNN. 2D CNN
captures spatial characteristics of feature vectors in two dimen-
sion while 1D CNN does in one dimension. In our situation,
2D CNN tries to capture correlation in both vertical axis (i.e.,
correlation between different KPIs) and horizontal axis (i.e.,
time correlation in time) while 1D CNN does correlation in



only horizontal axis (time correlation in time for each KPI).

Fig. 4. Comparison between Prototypical Network and baseline.

Figs. 5 and 6 show the confusion matrix with G = 2 and
G = 50. When the number of labeled data is small (G = 2),
the label 00 and the label 02 are confused, the label 00 and
the label 12 are also confused. When the number of labeled
data is large (G = 50), each label is accurately classified. As
the number of labeled data increases, the boundaries between
classes become more conspicuous even with the class with
small number of labeled data such as label 10 that has only
19 instances.

Fig. 5. Confusion matrix G = 2.

IV. CLOSING REMARKS

We investigate machine learning algorithms to analyze
eNodeB performance metric for service level assurance in
LTE networks. To minimize the human labor intensive and
time-consuming dataset annotation task, we proposed a few-
shot learning method that uses Prototypical Network. We
demonstrate that the proposed few-shot learning method yields
better performance than the existing methods. In particular
the proposed few-shot learning method that uses 1D-CNN
outperforms all other methods under all conditions evaluated
in the experiments. Extensive exploration of parameters is a
direction for our future works. Another direction of our future
work includes how to select data to be labeled to further reduce
the required number of labeled data per class.

Fig. 6. Confusion matrix G = 50.
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