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ABSTRACT

BELS: A BROAD ENSEMBLE LEARNING SYSTEM
FOR DATA STREAM CLASSIFICATION

Sepehr Bakhshi
M.S. in Computer Engineering
Advisor: Fazli Can
December 2021

Data stream classification has become a major research topic due to the increase
in temporal data. One of the biggest hurdles of data stream classification is the
development of algorithms that deal with evolving data, also known as concept
drifts. As data changes over time, static prediction models lose their validity.
Adapting to concept drifts provides more robust and better performing models.
The Broad Learning System (BLS) is an effective broad neural architecture re-
cently developed for incremental learning. BLS cannot provide instant response
since it requires huge data chunks and is unable to handle concept drifts. We
propose a Broad Ensemble Learning System (BELS) for stream classification with
concept drift. BELS uses a novel updating method that greatly improves best-
in-class model accuracy. It employs a dynamic output ensemble layer to address
the limitations of BLS. We present its mathematical derivation, provide compre-
hensive experiments with 11 datasets that demonstrate the adaptability of our
model, including a comparison of our model with BLS, and provide parameter
and robustness analysis on several drifting streams, showing that it statistically
significantly outperforms seven state-of-the-art baselines. We show that our pro-
posed method improves on average 44% compared to BLS, and 29% compared to

other competitive baselines.

Keywords: Data stream mining, Concept drift, Ensemble learning, Neural net-

works, Big data.
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OZET

BELS: VERI AKISI SINIFLANDIRMASI IQIN GENIS
BIR TOPLULUK OGRENIM SISTEMI

Sepehr Bakhshi
Bilgisayar Miihendisligi, Yiiksek Lisans
Tez Danigmani: Fazlhi Can
Aralik 2021

Veri akisi smiflandirmasi, zamansal verilerdeki artigs nedeniyle onemli bir
aragtirma konusu haline gelmistir. Kavram kaymalari, veri akigi ssmflandirmasindaki
en onemli sorunlardan biridir ve veri akiginin istatistiki ozelliklerinin zamanla
degigsmesi olarak tamimlanabilir. Verilerin zamanla degigmesi, statik tahmin
modellerinin iglevsizlesmesine neden olur. Daha saglam ve basgarili modeller
geligtirmek i¢in kavram kaymasina uyum saglayabilen modeller gereklidir. Genig
Ogrenme Sistemi (BLS), artimh 6grenme i¢in yakin zamanda geligtirilen etkili bir
genig noral mimaridir. BLS, biiyiik veri yiginlar1 gerektirmesi nedeniyle kavram
kaymalarini anlik tanimlamada ve uyum saglamada bagarisizdir. Bu calismada,
kavram kaymalarina uyum saglayabilen bir akig siniflandirmasi igin Genig Toplu-
luk Ogrenme Sistemi’ini (BELS) éneriyoruz. BELS, BLS nin limitasyonlarmi di-
namik bir ¢ikt1 toplulugu katmani kullanarak ¢ozer ve “sinifinin-en-iyisi” model
dogrulugunu artiran yeni bir giincelleme yontemi kullanir. BELS’in matematiksel
¢gikariminin yaninda, BLS ile kargilagtirilmasit da dahil 11 veri kiimesi tlizerinden
gerceklestirilen kapsamli deney sonuglarini sunuyoruz. Bu deneyler ile birlikte
BELS’in teknolojiyi temsil eden yedi temel ¢izgiden 6nemli 6l¢iide tistiin oldugunu
gosteriyoruz. Onerilen yontemimiz, BLS ye kiyasla ortalama %44 ve diger reka-
betci modellere kiyasla ortalama %29 oraninda daha basarihdir.

Anahtar sozcikler: Veri akigi madenciligi, Kavram kaymasi, Topluluk 6grenimi,

Sinir aglari, Biiyiik veri.
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Chapter 1

Introduction

In this chapter, first, data stream and concept drift notions are discussed. The two
major approaches for handling concept drift in a stream environment is explained,

and finally, contributions of this work are discussed.

1.1 Data Streams and Concept Drift

Various data stream sources generate an immense amount of data in the blink of
an eye. Social media, IoT devices, sensors are all examples of such a source. The
"3 V’s of Big Data Management” summarizes the hurdles in this field. These
are the Volume of the data, Variety which refers to numerous data types, and
Velocity, which is one of the major problems in handling data streams due to
its fast data arrival rate [37]. Building models that are capable of learning in
streaming environments, is a challenging task. The developed method requires
an approach specifically designed for this task, as it faces problems different from
traditional machine learning. In a data stream environment, data items arrive at
a fast rate. As a result, a fast but at the same time, an effective model is needed.
Concept drift requires a dynamic change of the learning model. In this study, we

consider a multi-class classification environment, where for each incoming data



item one of the possible class labels is assigned. A multi-label environment is also

another possibility [11].

Concept drift refers to changes in the probability distribution of data over time
[52]. If the change affects decision boundaries it is referred to as real drift, and
if the distribution is altered without affecting decision boundaries, it is called
virtual drift [48]. Concept drift is mainly categorized into three types: Abrupt,
Gradual and Incremental [41]. In abrupt drift, the concept is suddenly altered to
a new one which usually results in a prompt accuracy decline; however, gradual
drift refers to the replacement of the old concept with a new one in a gradual
way. In incremental drift, an old concept changes to a new one incrementally,
this change is completed over a period of time. There is a potential of concept
recurrence in all three categories, when an old and previously observed concept

may replace the present one.

1.2 Chunk Based vs. Online Methods

In terms of their implementation, models in the literature could be categorized
into two main approaches: chunk-based methods and online learning [16]. In
a chunk-based model, usually, a fixed-size chunk of data is collected to update
the model as new data items arrive; however, in an online learning model, one
data point at a time is used for learning. Each approach has its own pros and
cons. Compared to online methods, the model learns faster at the beginning of
training in a chunk-based approach since the model is seeded with a big initial
chunk of data that makes the update process more effective; however, a concept
drift may occur later in the learning process, and if the drift is located within a
chunk, it is possible that it will be missed, resulting in a significant reduction in
model accuracy. In the case of online learning, the latter problem does not affect
the performance of the model; however, the model may suffer from slower initial
learning performance[38]. Another problem with such a model is its runtime.
Compared to the chunk-based models, online learning methods are less efficient

and require more computations[38].



The issues with using an online or a chunk-based model motivate us to propose
a method to alleviate these issues. Our idea is to use a model that is effective
and efficient while training with mini chunks as small as 2. Our approach is
based on Broad Learning System (BLS) [13]. BLS uses a broad architecture.
In this method, instead of the time-consuming process of loss calculation and
backpropagation used in deep learning models, a least square problem is solved
for training the model, which is much faster [13]. Although an incremental version
of BLS is introduced in the original paper, BLS is not suitable yet to be used in a
stream environment for the following two reasons: (i) in the incremental mode of
BLS, the model needs very large chunks of data in each step to reach the desired
outcome, which may not be possible when dealing with stream data, (ii) and the

model is not able to handle concept drift.

1.3 Work Done and Contributions

In our approach, we first enhance BLS by introducing a new updating system for
feature mapping and output layers. This improvement makes the model suitable

for training with small chunk sizes.

Next, to handle concept drift, we use a dynamic output layer where the worst
output layer instances are continuously replaced with new ones, or where the
best ones of the removed output layer instances are brought back to the system.
In our method, each output layer instance is added to the pool after it has a
major accuracy decline. The output layer instances and the ones in the pool are

repeatedly exchanged based on their performance on the most recent data items.

A related point to consider is that our model does not build an ensemble of the
BLS model. The model uses a single feature mapping and enhancement layer.
Output layer instances are used as ensemble components. In-depth technical

aspects of our ensemble model are provided in the following chapters.

Our main contributions are the following. We



e propose and mathematically derive an enhanced version of BLS suitable for

using in a stream environment, trained with small chunks of data;

e introduce a dynamic output layer approach to BLS to deal with the concept

drift problem:;

e conduct experiments on seven state-of-the-art baseline and 11 datasets with
various concept drift types. We also perform experiments to demonstrate

the model’s robustness in presence of various degrees of noise and drift.



Chapter 2

Related Work

Concept drift adaptation: For concept drift adaptation, two approaches are
mostly studied in the literature. As mentioned by Gama et al. [23] these two

model management techniques are single classifier [16] and ensemble methods [6].

A single classifier is accompanied by a concept drift detector. The detection
algorithm utilizes alerts to warn the classifier of a drift. To find a drift point,
detection methods follow the error rate and trigger an alarm in the case of a sharp
decrease in overall accuracy. DDM [21], EDDM [1], ADWIN [2] and OCDD [27]
use this strategy. OCDD observes outliers and it is unsupervised. The number
of outliers above a threshold indicates a concept drift. Another approach is to
keep track of statistical changes in the data distribution. PCA-CD [47], EDE [28§]
and CM [42] are designed based on this method. After an alarm is triggered, the
classifier usually restarts learning from that point on. KNN and Hoeftding Tree
[30] are among the most popular classifiers for this purpose. In recent studies
unsupervised detection of concept drift is also studied by Goztagk et al. [26].
In these kinds of methods, it is assumed that the true labels of data items are

unavailable.

Single classifier-based models are efficient; however, restarting the model or re-

placing it with a new one negatively affects the effectiveness of a system. Since



restarting the model loses some useful information learned so far; furthermore,
in the case of a recurrent drift, the model cannot use its previous knowledge and

should learn each concept from scratch.

In ensemble models, however, a combination of learners is used to make the final
decision. Our work is most commonly related to ensemble methods. Some of these
models have a strategy to deal with recurring drifts. They preserve previously
used classifiers and employ them to replace ineffective active classifiers; helping
them in having a much faster adapting strategy in such cases. As this problem
is fairly common in real-world applications, ensemble techniques are gaining in
popularity [10]. Learn++.NSE [19] is one the most famous models which utilize
this strategy.

One of the drawbacks of preserving the old classifiers is its storage burden. Using
a limit for the number of preserved classifiers is a simple strategy for alleviating
this issue. Another considerable advantage of declaring a limit for the number
of classifier components of an ensemble is that controlling the ensemble size pro-
vides a consistent runtime during stream classification. Since as the number of
classifier components grows, the computational complexity of the model increases
dramatically, which leads to an inefficient and sometimes broken system that is

unable to process new data.

Active vs. Passive Ensemble models: In ensemble methods, the outputs of differ-
ent learners are combined using a voting strategy. Solutions to deal with varying
concepts fall into two categories: Active and Passive [16].Active models rely on a
detection method to trigger an alarm. Then, the ensemble method reacts to this
drift by adding new classifiers, updating them, or restarting their learning process.
Adaptive Random Forest (ARF) [25], Leverage bagging [4], Adaptive Classifiers-
Ensemble (ACE) [45], Heterogeneous Dynamic Weighted Majority (HDWM) [31]
and comprehensive active learning method for multi-class imbalanced streaming
data with concept drift (CALMID) [39] are among the well-known algorithms in
this category.



In passive models, however, no detection algorithm is used, and usually, a weight-
ing strategy helps the model to adapt to the new changes [36]. The model may
also use a dynamic approach where learners are added and removed dynamically,
and rely on the most recent data to make a prediction [16]. Addictive Expert
Ensembles (AddExp) [35], Dynamic Weighted Majority (DWM) [34], Geomet-
rically Optimum and Online-Weighted Ensemble (GOOWE) [7], Learn++.NSE
[19], Resample-based Ensemble Framework for Drifting Imbalanced Stream (RE-
DI) [54] and Dynamic Adaption to Concept Changes (DACC) [12] fall into this

category.

Chunk-based vs. Online algorithms: In terms of learning procedure and man-
ner of instance arrival, ensemble methods are categorized into chunk-based and
online learning algorithms [24]. In chunk-based models, a chunk of data is col-
lected before each update. Using large chunks of data causes some problems like
missing the actual drift point. This leads to a late response and decreases the
effectiveness of the model. In contrast to online models, chunk-based models are
more efficient. Accuracy Weighted Ensemble (AWE) [50], Learn++.NSE [19] and
Accuracy Updated Ensemble (AUE) [9] are in this category.

Online methods process each data item separately, and they do not need to
gather a chunk of data, which leads to less memory usage. Processing a single
data instance at a time is time-consuming. As we mentioned earlier, one of the
most important factors in mining data streams is the efficiency of the model,
and based on this fact, inefficiency is the most important drawback of online
models. Diversity of Dealing with Drift (DDD) [43], DWM [34], AddEXP [35]

are examples for online ensembles.



Chapter 3

Method

In a data stream environment, data is continuously generated via a source over
time. We refer to a data chunk at time step k as Xj, assuming a chunk of
data arrives at that time. We define the problem of data stream classification as
follows: First, the model predicts the class of incoming data Xj by generating

the probability values for each class.

Assuming that there is C, predefined classes, si is the probabilities vector with
the length of the number of labels that is pre-defined. We assume that, for every
instance, the correct label becomes available at time-step k£ + 1, making possible
the evaluation procedure. Next, using the correct classes of X, and the obtained
features, the model is updated incrementally. Such a method can be useful in
some environments such as the stock market. Fundamentally, the explained pro-
cedure is the assumption used in the majority of the data stream classification
studies. This procedure is known as prequential learning or test-then-train learn-
ing paradigm in the literature [22]. As a result, every data instance is used both
for training and testing. We propose BELS as being specially designed for this

problem setting. In the following chapter, we introduce our method step by step.



3.1 BLS: Broad Learning System

Broad Learning System (BLS) utilizes a broad neural architecture [13] and
achieves high performance, both in runtime and accuracy in traditional environ-
ments. In the first stage, BLS takes the input data and creates a feature mapping
layer to overcome the data’s randomness. Then the feature mapping layer is con-
catenated with a set of randomly generated enhancement nodes. Next, the output
of both the feature mapping layer and the enhancement layer is directly fed to
the output layer. To determine the output weights, BLS solves the least-squares
problem by finding the pseudoinverse.

Assume that we take the input data as X and denote the output matrix as Y.
In the case of a chunk of data with size S., Y would be a S, x C' matrix where
C stands for the number of class labels. In the feature mapping layer, the data
is mapped using ¢;(XW; + ;) where W,; and f,; are random weights and bias
of the ¢th mapped feature respectively. W,; and ., are initiated randomly. Each
mapped feature is used to form a group of n mapped features by concatenation.

n is the maximum number of feature mapping nodes.

We denote this concatenation as Z" = [Z,...,Z,]. Next, the output of this
feature mapping layer is enhanced using random weights in the enhancement
layer, which is constructed by transforming the mapped features. We use ith
feature map to form the jth enhancement node H; as follows: &(Z'W,,; + Bh;)-
Like the feature mapping layer, the concatenation of m enhancement nodes are
grouped as H™ = [Hy, ..., H,,]. m is the maximum number of enhancement nodes.

Based on the original BLS paper [13], the broad model is defined as follows:
Y =[Zy, ., Zul&(Z" Wit + Bha)s s §(Z" Wi =+ Bhy ) W™

= (Zy, s Zo| Hy,y oo Hy W™

- [z

The ultimate goal of the system is to find W™ by solving a least square problem.



W™ is the connecting weights of the system.

BLS proposes an incremental way of updating the system for large datasets. The
incremental approach uses a large chunk of data for updating the system at every
step; however, there are a couple of reasons that make BLS an ineffective system
while dealing with data streams. First, BLS uses the initial set of incoming data
for generating the sparse features using a sparse autoencoder. The problem is
that in each time step, the system uses the same data representation, without
any update. Besides, by using a smaller chunk size, the proposed pseudoinverse
updating in BLS is not effective since the focus of learning is now on the remaining
data in the last chunk. Meaning that the representation of the former data
instances is not taken into account. Moreover, there is no mechanism to handle
this issue in BLS and its proposed variants. It is worth mentioning that our
proposed model is different from other variations in [14]. In [14], the proposed
approach is not designed for a streaming environment, and cannot handle concept
drift. Furthermore, our model focuses on using small chunk sizes wherein these

variations, this problem is not taken into account.

In the following section, we extend BLS on feature mapping and the output layer
by introducing a new updating system. Then we elaborate an ensemble method

for handling various concept drifts in non-stationary environments.

3.2 BELS: Broad Ensemble Learning System

To tackle the problems mentioned in section 3.1 we propose BELS. In sections
3.3 and 3.4 we propose a solution for updating the model with small chunks.
Our solution enhances the accuracy of the model dramatically. In section 3.5 we
introduce our ensemble approach for dealing with concept drift. Our experimental

results show that the proposed model is able to deal with various drift types.

For generating enhancement nodes, we use the same function in BLS.

10



3.2.1 Updating the Sparse Feature Mapping in BELS

BLS employs a sparse autoencoder to overcome the randomness of the generated
features. We use the same method to deal with this issue; however, despite BLS,

we update this feature representation after each chunk of the data.

To obtain this feature representation, BLS uses an iterative method. Eq. 3.1 is
defined in BLS paper for this purpose [13]. The output of these iterative steps is
denoted as p.

w1 = (T2 + ,0[)71 (27X + p (oF —uP))
Ok+1 = Sxr/p (wkH + uk) (3.1)

Uk+1 = ub + (Wgs1 — Oky1)

In Eq. 3.1, X is the input data in a time interval and z is the projection of the
input data using XW,, + ., for the ith feature group. W, and f, are randomly
generated with proper dimensions initialized at the beginning of the first time
interval. Note that we apply the same W, and . during the training for each

k of, and w* are initialized as zero matrices at the beginning of the

update. u
iteration. These matrices are only used for updating purposes in iterative steps
of Eq. 3.1. In the formula, p > 0, [ is the identity matrix, and S is the soft
thresholding operator. The input of S is the sum of wy,;and v* and a small

value k. In our experiments we use k = 0.001. S is calculated as follows :

a—kK, a4>K
Se(a)=10, o] <=k (3.2)

a+k, a<-—K

While considering the incremental input in a stream environment, the projection
of data varies over time. Meaning that we cannot utilize the first set of data to
calculate the p, and use the same p for the rest of the incoming data. Additionally,

if the data chunk is small, then this projection is not comprehensive enough. To

11



solve this problem, we propose an updating system for Eq. 3.1, that in each step
k, pi¥ is the projection of the entire data from step 0 to step k. In each time step,
the system uses the renewed p, and this helps the model to have a comprehensive
feature mapping layer that represents the entire data up to that time step. This
technique improves the effectiveness of the model drastically when dealing with

small and large chunks.

Algorithm 1 Feature mapping and enhancement layers

Input: Data chunk X

Output: A set of Feature mapping and enhancement node Ay,
1: Initiate random W,., W}, B. and ) at the beginning
2: X = instances at step k
3: fori=0;i<n do

4: 2= (XWei + Bei)

5: T = X"

6: Tu=z" 2

T if £ =0 then

8: le =T

9: Tgk =T

10: else

11: T, =T,_,+1T
12: Tzk - T2k71 -+ T2
13: end if

14: Calculate p; with Eq. 3.5

15: Zi = X

16: end for

17: Set the feature mapping group Z;" = [Z1, ..., Zy]

18: for j «— 1 ; j < number of enhancement nodes m do
19: calculate H; = [tanh(Zg" Wy, + B,)] with Eq. 3.6

20: end for
21: Set the enhancement node group H,™ = [Hy, ..., Hp)
Ay = 2" |Hi™]

To implement this idea, we need to update 27X and 27z in each time step for

every set of mapping features in k, separately.

Let us denote 27X as T;. We know that dimensions of T} are independent of the
number of data instances in each time step and depend on the number of feature
mapping nodes, as well as the number of features in each data instance. Based

on Theorem 1, Eq. 3.3 is used to update T3 value. To the best of our knowledge,

12



our study is the first work that introduces and proves this theorem.

k
I, = ZTli (3.3)
i=1

Let us denote 27z as T5. Assuming that the number of columns in z does not
change during the training phase, based on Theorem 1, we define the Eq. 3.4 to
update T, at each step k:

k
T, =Y T, (3.4)
=1

We use 15, and 73, as an input for the modified version of Eq. 3.1, and utilize it

as in Eq. 3.5.

Wgy1 = (Tgk + IOI)_1 (leX + 1% (Ok — Uk))
Oky1 ‘= S)\/p (wk+1 -+ uk) (35)

Upy1 = U" + (W1 — Ops1)

The enhancement nodes are created using the following formula:

Hj = [tanh(ZK"Whj + ﬂhj)] (36)

Zk" is a set of feature mapping nodes at each time step k, and like feature
mapping layer, W}, and (), are generated randomly. It is worth mentioning that

the enhancement layer is used as it is proposed in [13].

While updating the system, the random weights are fixed and the enhancement
nodes are updated at each step. The procedure of updating the feature mapping
and enhancement layer is shown in Algorithm 1.

After concatenating the output of the feature mapping layer and the output of

13



the enhancement layer horizontally, the next step is calculating the pseudoinverse

for the least square problem discussed in BLS [13].

Theorem 1. For two matrices A and A’ with the same number of columns, if we
multiply AT with A, and A" with A', the result of both multiplications are square
matrices with the equivalent size. We refer to them as A; and A}, respectively. Let
us concatenate A and A" vertically and denote the new matriz as A.. The product
of AT and A, is a square matriz equal to sum of A; and A}. The hypothesis can

be formulated as follows:

ATA, = ATA+ ATA  where: A, = [A | A'] (3.7)

Proof. Let A be an m by n matrix and let A’ be an m’ by n matrix. A, is obtained

by concatenating A and A’ matrices vertically as follows:

a1 a19 ce Q1n
921 929 RN Qon
Am1 Am2 Amn
Ac = / / /
ap Qpo Ain
/ / /
Ay Qg Aop
/ / /
_am’l Ao am’n_

Left-hand side of the Eq. 3.7 is the multiplication of AT and A. matrices. Let us
denote the element at ith row and jth column of the resulting matrix as /;;. Also,
let the (i, j)th element of the resulting matrix on the right-hand side of the Eq.
3.7 be represented by 7;;. In the following, we show that these two elements are
equal regardless of i and j values, meaning that the resulting matrices in the left

and right-hand sides of the Eq. 3.7 are equal.
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m+m/ m m+m/

L= Y AS XA =3 AT AT 4y A A

m m/
= E Qi X Q5 + E Agry X Qs
k=1 k=1

/

rij — (ATA)U + (A/TA/)ij — Zaki X a/kj -+ Z agq; X a’k’j

k=1 k'=1

3.2.2 Updating the Pseudoinverse in BELS

Unlike BLS, where the pseudoinverse is calculated based on the instances of
the last chunk of data, we revise this calculation such that it represents the

pseudoinverse of the whole data until that time step.

Suppose that A is the result of concatenating the output of the feature mapping
layer and output of the enhancement layer horizontally. To obtain the pseudoin-
verse, BLS uses Eq. 3.8 [13]:

W= (A + AAT) ' ATY (3.8)

Where Y is the labels of a chunk of training data and A is a small positive value
added to the diagonals of A. To calculate weights of the output layer, which is
considered as the solution for the least square problem, we update AA” at each

time step k and refer to it as A;:
A = AT LA, (3.9)

Then, we multiply AT}, by Y}, which is the set of labels at time step k and define

it as follows:
D, = AlY;, (3.10)
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Ay, and Dy, values are obtained as:

k k
Atk = Z Ati and Dtk = Z -Dti (31].)
=1 i=1

Based on theorem 1 we know that at the end of step k, A;, and Dy, are equal
to A; and D; of the entire data until that point respectively. The procedure is
shown in Algorithm 2. First we calculate Ay, and Dy, (Alg.2:1-9). Next, Eq.
3.12 is used to update the pseudoinverse (Alg.2:10).

W=\ +A,)"'Dy, (3.12)

For testing, we use a similar approach to BLS; however, just like the previous
steps, we separate the calculations related to feature mapping and enhancement
layers, and the output layer. Algorithm 3 shows the procedures of the testing
phase. First, features are mapped and enhanced (Alg.3:1-8). Then, they are
concatenated and the final prediction is calculated (Alg.3:9-10). In this phase,
Ajestr 18 generated and then it is used for producing the prediction based on the

following formula in the final stage:

Q — AtestkW (313)

Algorithm 2 Output layer weight calculation

Input: A set of Feature mapping and enhancement node at step k denoted as
Ay,
Output: W
. A, = AT A,
D, = Ay,
if £k =0 then
A, = A
Dy, = D,
else
Ay = Ay + A4
Dy, = Dy, , + Dy
end if
W =(A+ A, )"'Dy,

1

)
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Algorithm 3 BELS Test

Input: Data chunk X;es
Output: Set of Feature mapping & enhancement node at step k denoted as

Abktest
fori=0;i<n do
Ziesti = Xiesthi
end for
Set the feature mapping group
Ztestkn - [Ztestla ey Ztestn]
for j «+ 1 ;j < number of enhancement nodes m do
calculate Hycs; with Eq. 3.6
end for
Set the enhancement node group
Htestkm — [Htestla x) Htestm]
Atestk = [Ztestkn|Htestkm]
10: § = Agesti W

©w

3.2.3 Concept Drift Adaptation in BELS

For concept drift handling, we use an ensemble approach. Our approach is con-
sidered passive as we do not use any concept drift detection mechanism. Simply,
we keep updating the feature mapping layer and enhancement layer as new data
arrives; however, an ensemble of output layer instances is used to determine the
final result. First, using an ensemble of a whole BLS is not efficient as it needs
more calculations. Furthermore, initializing the feature mapping and enhance-
ment layer for each arriving data chunk, delays the learning process, because the
initial feature mapping and enhancement layer of the data is not comprehensive.
Only the output layer instances with the best prediction in the last chunk are kept
in the model, and those with an accuracy less than threshold ¢ are replaced with
a new layer, or one of the output layers in the pool, which consists of removed
output layers. Symbols and notations used in the ensemble learning part are in
Table 3.1.
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Table 3.1: Additional Symbols and Notation for BELS (Algorithm 4)
Symbol Meaning

I3 Ensemble of output layers £ = {O1,02, Oy, ..., O, }

P The pool, it contains the removed output layers

L List of indexes of output layer instances with an

accuracy lower than threshold (for each chunk)

S; Relevance scores for the ith classifier for kth data

chunk in the ensemble. s;* =< 5;1%, 5;0%, ;5% ... >

bP Output layer instances from P which achieve an

accuracy higher than a threshold in a chunk

Maximum number of output layer instances

M,
M, Maximum number of output layer instances in P

Algorithm 4 BELS (Broad Ensemble Learning System)
Require: D : Data stream , X}, : data chunk at step k , Y}, : labels of the data

chunk at step k
Ensure: g, : prediction of the ensemble as a score vector at step k

1: while D has more instance do

2 if ¢ is not full then

3 & < new output layer added

4 else if ¢ is full or L length > (¢ length /2) then
5: fori< 0;i< Llength-1 do

6 remove &|[L]]]

7 if L length > (£ length/2) then

8 P« ¢[L[i]]

9 end if

10: end for

11: while ¢ is not full and ¢ < bP length do
12: & < bPJi]

13: remove bP[i]

14: end while

15: if P length > M, then

18



16: keep the last M, instances of P
17: end if

18: end if

19: Calculate Ajeqp using Algorithm 3.

20: for i<+ 0;1i< ¢ length do

21: if O; is initialized then

22: si¥, acc;® < Prediction & acc of O; (Eq.3.13)
23: if chunk size ==2 then
24: 0=0.5

25: else

26: 0 = overall accuracy
27: end if

28: if acc® < § then

29: L<+i

30: end if

31: end if

32: end for

33: U < Use the set of s;* for hard voting
34: for j <~ 0;j < P length do

35: acc;® + Test P[j] using (Eq. 3.13)
36: if acc;* > n then bP « P[j]

37: end if

38: end for

39: Ay < update F' and E using Algorithm 1.
40: fori<+ 0;i< ¢ length do

41: update O; using Algorithm 2.

42: end for

43: end while

Our model is defined with three independent but connected parts. Feature map-
ping layer denoted by F', enhancement layer denoted by FE, and output layer
denoted by O. BELS consists of a single ' and E, and an ensemble of [ out-
put layer instances & = {0,009, 0s,...,O;}. For updating these parts at each
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time step, Algorithm 1 and Algorithm 2 are used. A set of new data instances
I ={,15,1s,..,1s,} where 1 < S, <50 is used for each update. .

To initialize the procedure, we first add an output layer instance to £. (Alg.4:4-5).
Then we initialize the model (Alg.4:21-24). In the next iterations, first, we check
if the number of output layer instances has reached the predefined maximum
number. If ¢ is full, then the model removes the worst-performing output layers
instances. If the number of output layer instances in L is more than the instances
in &, then the output layer instances in L are added to P (Alg.4:6-12). In the
testing phase, the accuracy of each output layer instance is calculated and the

indexes of the worst-performing ones are added to L (Alg.4:27-39).

Hard voting is used for calculating the final prediction. In hard voting, the score-
vector of an output layer instance s* is first transformed into a one-hot vector,
and then combined with the s* of the other output layer instances to determine
the final prediction (Alg.4:41). Next, output layer instances in P are tested. If
their accuracy is more than a threshold (denoted by 7), they are added to bP
(Alg.4:42-46). This procedure gives the output layer instances in P a chance to
be added to &, and used in the learning process once again. Finally, the model is

updated (Alg.4:47-50) and the same procedures are repeated.

Figure 3.1 shows the overall structure of BELS. As we see in the figure, the model
uses a mini chunk of data for updating the model. The same chunk is also used

for testing.

3.3 Complexity Analysis

Since we assume that the calculations for building each feature mapping and en-
hancement node take O(1) time, let us assume that building the feature mapping
layer and enhancement layer takes O(n) and O(m) time respectively, where n is
the number of feature mapping nodes and m is the number of enhancement nodes.

Based on this assumption, we conclude that Algorithm 1 and Algorithm 3 take
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O(n +m) time. Our main ensemble method is based on Algorithm 4. Execution
time for initializing the model and removing the output layer instances, or adding
them back to the model (Alg.4:2-20) is negligible. Next, for testing, we use Al-
gorithm 2. For each chunk, it is executed once in O(n + m) time. Let us denote
the ensemble size as Sg. Then, the final prediction for each output layer instance
is calculated in (Alg.4:28-40), and it takes O(Se) time. Later, we test the output
layer instances in the pool in (Alg.4:42-46). This procedure takes O(P) time.
Next, for training, we first update the feature mapping and enhancement layer
using Algorithm 1. This process is executed once for each chunk, and it takes
O(n + m) time. Finally, we update the output layer instances using Algorithm
2. In this algorithm, we calculate the pseudoinverse. Let us denote chunk size as
S.. Based on the dimensions of D, and A;;, we conclude that Algorithm 2 takes

O(maz (S, (n +m))*min(S,., (n+m))) time.

For sﬂc chunks of data, the whole process complexity is as follows:

N
O = (2(m +n) + S¢ + P + (Se max(S., (n + m))?
<Sc< (3.14)

min(Se, (n + m)))))

Obviously, among different parts of the algorithm, the one with O(¢ max(S,, (n+
m))?*min(S, (n +m))) time complexity dominates the whole process. The final

complexity of the algorithm is as follows:

0(%(5£ maz(S, (n 4+ m)*min(S. (n +m))) (3.15)
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Chapter 4

Experimental Design

In this section, first, the datasets and baseline methods are introduced, then we

elaborate on our experimental setup.

4.1 Datasets

In our experiments, we use 11 datasets to evaluate the efficiency and effectiveness
of our model, and compare it with baselines. Seven Real (Re) and four Synthetic
(Syn) datasets are used. The detailed explanation of the datasets is presented
in Table 4.1. Four different drift types are used in the experiments: Gradual
(G), Incremental (I), Abrupt (A), and Recurring (R). In Table 4.1, (U) stands
for unknown drift type. In the same table, the number of features, the number of
class labels, and Drift Type are denoted as (# F), (# C), and DT respectively.
As we see in Table 4.1, the set of datasets used in our experiments contains all

different concept drift types.
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Table 4.1: Summary of Datasets

Dataset #F | #C Size | Type | DT
Eloctricity! [20] S| 2| 45312 | Re | U
Email! 32] 913 | 2| 1500 | Re | ALR
Phishing? [49] 16| 2| 11055 | Re |U
Poker ? [17] 10| 10820201 |Re | U
Spam? [49] 199 2| 6213 [ Re | U
Usenet? [33] 99 2 1,500 | Re A&R
Weather? [19] 8 2| 18,152 | Re U
Inetrchanging RBF? [40] 2 | 15 200,000 | Syn | A
MG20C2D® [18] 31 21200000 | Syn |1&G
Moving Squares? [40] 2 4 1200,000 | Syn | I
Rotating Hyperplane* [40] | 10 2 | 200,000 | Syn | I

4.2 Experimental Setup

Evaluation of each method is based on the prequential accuracy [22]. This method
is the most common technique for evaluating the models in a data stream envi-
ronment. In this method, a data instance or a chunk of instances are first used
for testing, then the same instances are used in training. Another name for this

method is interleaved-test-then-train [22].

In this part, we explain the default settings used in our experiments. We suggest
using these configurations for experiments with new datasets and stream envi-
ronments. In our experiments, the maximum number of output layer instances
are M,= 75, Mp= 300, n= 0.5, and § is updated dynamically in the model (See
Alg.4:31-35). The parameters are tuned based on the result of the experiments,
and the best ones are used as default. The details for setting the parameters are

later provided in section 5.5.

To determine the number of feature mapping groups and the number of feature

mapping and enhancement nodes, we use the first 300 data instances. For this

Thttps://github.com/ogozuacik/concept-drift-datasets-scikit-multiflow
2mlkd.csd.auth.gr/concept_drift.html
3https:/ /sites.google.com /site/nonstationaryarchive/datasets
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purpose, two combinations of BELS is used as follows: BELS; (N1: 5, N2: 5,
N3: 1), BELS, (N1: 10, N2: 10, N3 :100). Ny, Ns, N3 stand for the number of
feature mapping groups, the number of feature mapping nodes, and the number

of enhancement nodes respectively.

A combination of one of the two BELS models and chunk sizes {2, 5,20,50} are
used. In total, we start with 8 different architectures and keep learning with the
one with the highest accuracy after 300 instances. The number of instances for

the model can be determined based on the size of the dataset.

To compare the performance of BELS with other methods, we choose 7 state-
of-the-art models as baselines: DWM [34], AddExp [35], Learn+-+.NSE [19],
OzaADWIN [46], HAT [3], LevBag [4] and GOOWE [7]. All the baselines
(Except GOOWE) are implemented using scikit-multiflow [44]. The source code
for GOOWE is available on the website*. For a fair comparison, we utilize the

default settings of all of the baselines and our proposed approach.

Experiments are conducted on a PC with Intel(R) Xeon(R) Gold 5118 CPU @
2.30GHz and 128GB RAM on an Ubuntu 18.04.4 LTS operating system.

4https://github.com/abuyukcakir/goowe-python

25



Chapter 5

Experimental Evaluation

In this chapter, we first compare our method with its variants and also the original
BLS. Then we perform a thorough experimental evaluation with various baselines
in terms of prequential accuracy and execution time. Next, parameter sensitivity
analysis are provided. Finally, an experiment on LED dataset with different noise
and drift intensities is provided to show the robustness of our method in presence

of noise and concept drift.

5.1 BELS vs. BLS

In this section, we compare our method with the original BLS algorithm [13].
To study the effect of our approach on the learning process and the handling of
concept drift, we conduct a step-by-step study to show the improvement on each
measure. We analyze the effects of the different features of BELS on accuracy
by performing the experiments on three different BELS variants, and compare it

with the original BLS algorithm in terms of efficiency and effectiveness.

e BLS: the original Broad Learning System method.
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e BELS-FPs: BELS method with enhancements mentioned in Section 4.1 and

4.2, which includes a feature mapping layer and a pseudoinvese update.

e BELS-Ens: BELS as an ensemble method. This part does not contain the

pool of removed output layer instances.

e BELS: Complete BELS version with all of its features.

In this section, for brevity, we report the results of four data streams of a good
variety and confirm that outcomes supporting our conclusion are observed with
the other datasets. The chosen datasets contain all types of concept drift (Incre-
mental, Gradual, Abrupt, Recurrence). Results are shown in Table 5.1. Methods
are evaluated with the default configuration. Parameters are the same in all four

models.

BLS is not designed for a data stream environment. Based on this fact, we know
that BLS would be faster than our algorithm and at the same time, it will have
extremely low accuracy. As we see in Table 5.1, by utilizing each technique, the
accuracy improves, which yields the best performance in the complete version of

BELS with an average accuracy improvement of 44% in Table 5.1.

In our ablation study, we compare BELS and BLS with the same number of
chunks and the results show that BELS outperforms the original BLS model
in terms of accuracy when the data chunks are small. However, studying the
effect of larger chunk sizes (larger than 50) on BELS is another experiment that
could give a clearer view of the differences between BELS and BLS, and their
performance capabilities in different situations. The original BLS algorithm is
not able to handle small chunks of data, and better performance is achieved by
using larger chunks of data. However, based on the fact that BELS employs a
drift handling mechanism in its structure, it would outperform BLS even with

larger chunk sizes.

27



9T'TT €8°CLT $9°06 10°TF 76°C8 91°'8¢ GL'TS €e'9 7G18 (1) ouerdiodAy Suryejoy

0¥ 14 €0°LG€E ¢6°C6 €e 60T 01T°¢6 9L¢ce LV'16 L9VI LETY (D 2 1) AZdOTON

0¢'8¢ 89°CI 89°GL 4N GL'CL o8V 94°64 9T'T 9LVS (4 3 V) 10udsn

Vel ev c6e LT°L8 LZ 066 vees 19°€8T 9e9 9€'9¢ V676V (n) Aornoaryg

MAM:QMKUMWMM oWUNY  ADRINDOY | oWINUNY — ADRINDDY | oWuUNy AdRINDOY | owjuny AdoeImooy (1LQ) stesere(
STHd SUH-STHI SdA-S'Tdd S1d

PIOC UT ST J9SBIRp [ORo 10] SHNSOI 189q oY T,
"(spuooes ur) swmunl pue Adeinooe [erjuenbord Jo sue) Ul g pue SjuRLIRA SIT ‘GIH Usamjoq uostredwro)) :1°G o[qer],

28



5.2 Effectiveness and Efficiency

Prequential evaluation results can be seen in Table 5.2. The results show that
our proposed method outperforms other baseline methods. Our evaluation on
datasets of varying drift types with different numbers of class labels and fea-
tures demonstrates the adaptability of our model under different classification

conditions. The best performance for each dataset is in bold.

Based on the results, it seems that if the dataset contains abrupt drift with short
time intervals and recurring drift (Usenet and Emails), baseline models are not
able to handle it effectively. Compared to other baseline models, BELS can handle
different drift types effectively.

We can see the runtime of the models in Table 5.3. Runtime is considered as the
total time for calculations in the interleaved-test-then-train method. The results
show that our model has an average rank equal to 3.72. Further statistical analysis
of runtime and accuracy is provided in the next section. Figure 5.1 shows how
the average rank of models compares in terms of both runtime and accuracy. On
average BELS improves 29% compared to other competitive baselines used in the

experiments across 11 datasets we examined.
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Figure 5.2: Electricity dataset accuracy plot.
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Figure 5.3: Usenet dataset accuracy plot.
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Figure 5.4: Phishing dataset accuracy plot.
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Figure 5.5: InterchangingRBF dataset accuracy plot.
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Figure 5.6: MovingSquares dataset accuracy plot.
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Figure 5.7: Rotating Hyperplane dataset accuracy plot.
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The plots in figures (5.2 - 5.7) show that BELS has robust concept drift-resistant
performance under different drift types, and it maintains much better perfor-
mance when concept drift occurs (indicated by the fluctuated accuracies as the
data stream progresses). Furthermore, it maintains a higher level of accuracy in
the baselines; for example, in 4 of 6 cases, it is always the top-performing model
during the entire process. These plots are typical and we observe similar results

for other datasets.

5.3 Evaluation of Statistical Significance

In this section, we aim at using a statistical test to show the significance of our
1

model in terms of accuracy. We also provide statistical analysis for runtime.
As the differences between the accuracies of each model for each dataset is small,
we used average ranks for statistical significance test. Besides, in a data stream
environment in the real-world, we are dealing with a huge amount of data. Based
on this fact, although the differences between each model in terms of accuracy may
be small in our experiments, however, in the real-world scenario, the difference
would be significant. To show this significance, we used the average ranks of the
models for comparison. Another reason for choosing average ranks as the basis
of our significance test is that this kind of comparison is commonly used in the

data stream mining literature [15, 11, 25].

The analysis is conducted for 8 models and 11 datasets. In the experiment
a = 0.05. By using the Friedman Test we first reject the null hypothesis that
there is no statistically significant difference between the mean values of the popu-
lations. Then we use post-hoc Bonferroni-Dunn test to see if there is a significant

difference between the results of our proposed model and other baselines.

For this test, we first rank the models based on their performance. Then based on

the post-hoc Bonferroni-Dunn test, we calculate the Critical Difference as C' D=

Thttps://orangedatamining.com
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2.80. Figure 5.8 shows the critical distance diagram. It shows that our method is

statistically significantly better, compared to other baselines used in this work.

Another statistical analysis is conducted based on the runtime results in Table
5.3. We use the same tests and the same procedure. First, based on the Friedman
Test where a= 0.05 we reject the hypothesis that all of the measurements come
from the same distribution. Based on the post-hoc Bonferroni-Dunn test, we
calculate the Critical Difference as C D= 2.80. Based on the results we conclude
that there are no significant differences within the following groups: HAT, DWM,
BELS, Learn++.NSE and AddExp; DWM, BELS, Learn++.NSE, AddExp and
GOOWE; GOOWE, OzaADWIN and LevBag . The critical distance diagram is

shown in Figure 5.9.

To decrease the computational burden of the ensemble model, we use a single
feature mapping and enhancement layer, and an ensemble of output layers. This
technique also positively affects the accuracy of the model by providing a com-

prehensive feature mapping layer.

L ED 1
I 1
1 2 3 4 5 G 7 B
BELS J ——— Leam++.N5E
CzaADWIN L AddExp
LevBag GOOWE
DwWHM HAT

Figure 5.8: Critical distance diagram for the prequential accuracy using the data
provided on Table 5.2. (CD=2.80)
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HAT —— —— levBag

DWW —m ——— CzasDwWIN

BELS GOOWE
Leam++.N5E AddExp

Figure 5.9: Critical distance diagram for the runtime using the data provided on
Table 5.3. (CD=2.80)

5.4 Parameter Sensitivity Analysis

In this section, we study the effect of the main parameters on the overall perfor-
mance of BELS. We use the same four datasets as in section 5.1. Chunk size, M,
(maximum number of output layer instances in P), and M, (maximum number
of output layer instances) are studied because of their importance in the learn-
ing process and handling the drifts. Table 5.4 shows the results for parameter

sensitivity analysis.

Based on the results for chunk size, we observe that after increasing the chunk
size to 100, the accuracy decreases drastically in presence of concept drift. BELS
is designed in a way to use a small chunk size at every step. Based on the
observations in this section, we suggest using chunk sizes equal to or smaller
than 50. As mentioned earlier in section 4.2, we use the first 300 instances to

automatically determine the chunk size which is chosen from a set of {2, 5,20, 50}.

Based on the results in section 5.1, we observed that having an ensemble of output
layer instances improves the results, so the ensemble size should be greater than
1. In our experiments, the default number of output layer instances (M,) is set

to 75. The reason is that adding more instances leads to higher runtime, and
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fewer output layer instances may result in poor performance.

As we see in the results, after increasing M, to 200 and more, the effectiveness
remains the same. The reason is that based on our ensemble method (see Al-
gorithm 4), after adding an output layer instance back to the learning process,
we remove it from P. For this reason, usually, M, does not exceed the defined
limit for P; however, as we illustrated in section 5.1, adding the pool has a pos-
itive impact on the performance of the model. We set the M, limit to 300 in
all the experiments. Our suggestions for default parameters and experiments
with other datasets are provided in Section 4.2, and they are repeated here for
ease of reference: M, = 75,Mp = 300, and chunk size is selected from a set of
{2,5,20,50}.

5.5 Sensitivity to Drift Intensity and Noise Per-

centage

As mentioned by Wang and Machida [51], error labels have a huge impact on the
performance of the model in presence of concept drift. To show the effectiveness
of our model in presence of different drift and noise levels, we conduct experiments
using the LED generator [8] implemented in the scikit-multiflow [44] library. The
LED dataset is one of the most famous datasets used in the literature [53, 5, 20].
The generator produces 24 binary features with 10 class labels. We generate 9
datasets with different noise percentages (10, 30, 70 percent), and a number of
drifting features (1, 5, 10). We compare BELS with 3 top models including
DWM, Oza, LevBag.

Figures (5.10 - 5.18) shows the prequential temporal accuracies for each dataset.
BELS is robust to variations in noise and drift intensity, according to our exper-
iments. OzaADWIN has a better performance in comparison to the other two
baselines. As we see in Figure (5.10 - 5.18), DWM and LevBag methods have

poor performance in presence of noise.
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Figure 5.10: LED dataset: 10% noise, 1 drifting feature.
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Figure 5.11: LED dataset: 10% noise, 5 drifting features.
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Figure 5.12: LED dataset: 10% noise, 10 drifting features.
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Figure 5.13: LED dataset: 30% noise, 1 drifting feature.
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Figure 5.14: LED dataset: 30% noise, 5 drifting features.
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Figure 5.15: LED dataset: 30% noise, 10 drifting features.
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Figure 5.16: LED dataset: 70% noise, 1 drifting feature.
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Figure 5.17: LED dataset: 70% noise, 5 drifting features.
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Figure 5.18: LED dataset: 70% noise, 10 drifting features.
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Chapter 6

Conclusion and Future Work

In this work, we present a novel ensemble model for data stream classification
in non-stationary environments, called BELS. We describe real-world and unique
challenges that data stream causes and focus on handling the problems like con-

cept drift adaptation in data streams.

The statistical test results show that our model is statistically significantly better
than the state-of-the-art models designed specifically for data streams and we
illustrate that BELS is a suitable choice for evolving environments. Moreover, we

show that, in terms of efficiency, BELS is suitable for data stream classification.

Our proposed method is able to handle numerical data as input. Results on
numeric datasets, and text datasets with a limited number of words and one-hot
encoding as input, show that BELS is able to handle different types of data.
However, further analysis of the performance of our model on text datasets with
embedding vectors as input, and image data needs to be done. There are some
problems in the data stream mining that we plan to consider as an extension to

our proposed method.

e Lack of labeled data: Lack of available class labels in a stream may cause

serious problems for supervised methods and reduce their efficacy.
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e Concept evolution: Emerging new classes (as known as ”concept evolution”)

is another important issue that is inherent to the stream environment.

Our aim is to propose a model based on BELS which is able to handle label

scarcity and concept evolution as future work.
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