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Abstract— With the emergence of distributed computing platforms and cloud-big data eco-system, there has been increased growth of textual
documents stored in cloud infrastructure. It is observed that most of the documents happened to be lengthy. Automatic classification of such
documents is made possible with deep learning models. However, it is observed that deep learning models like CNN and its variants do have many
hyper parameters that are to be optimized in order to leverage classification performance. The existing optimization methods based on random
search are found to have suboptimal performance when compared with Bayesian Optimization (BO). However, BO has issues pertaining to choice
of covariance function, time consumption and support for multi-core parallelism. To address these limitations, we proposed an algorithm named
Enhanced Bayesian Optimization (EBO) designed to optimize hyper parameter tuning. We also proposed another algorithm known as Hybrid
Model with Bayesian Optimization for Long Document Classification (HMBO-LDC). The latter invokes the former appropriately in order to
improve parameter optimization of the proposed hybrid model prior to performing long document classification. HMBO-LDC is evaluated and
compared against existing models such as CNN feature aggregation method, CNN with LSTM and CNN with recurrent attention model.
Experimental results revealed that HMBO-LDC outperforms other methods with highest classification accuracy 98.76%.

Keywords- Long Document Classification, Enhanced Bayesian Optimization, Hybrid Deep Learning Model, Hyperparameter Tuning.

documents. It is observed that learning based phenomena has

ware withal to classify such documents more efficiently.
Literature has revealed the significance of long document

classification and methods besides importance of BO. Otter et

I. INTRODUCTION

Classification textual documents has its applications in the
real world. The applications are useful in the domains such as

healthcare, medicine, legal, manufacturing and distribution to
mention few. Classification of documents are done traditionally
based on the content comparison and similarity. However,
traditional approaches are not adaptive to the exponential
growth in text documents in cloud infrastructure. The existing
heuristics based approaches are not efficient for large scale
classification of text documents [1]. Moreover, the documents
that are lengthy or long document classification has number of
problems. For instance, it becomes very complex and time
taking to classify large volume of long documents. Therefore,
machine learning (ML) and deep learning based approaches are
found to be scalable and suitable for classification of such
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al. [6] investigated on NLP and deep learning models. With
their empirical study, they found that deep learning models are
feasible for processing textual documents using NLP. They
used a transformer model towards processing text documents.
Medvedeva et al. [9] proposed a methodology for analysing
European court documents in order to predict court decisions
based on the historical data using ML models. It performs
classification of legal text documents using SVM. Khanday et
al. [12] proposed a methodology for automatic classification of
Covid-19 related text documents to classify patients into Covid-
19 disease or no disease. Their methodology supports multi-
class classification considering Covid-19 and other flu related
diseases. Ngiam and Khor [15] investigated on the healthcare
documents in order to discovery different interesting trends or
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patterns from such data. With regard to BO, there are important
observations.

Victoria and Maragatham [22] explored BO approach for
automatic optimization of parameters pertaining to deep
learning models. They explored different values for parameters
and then optimized to have best parameters. Their research
revealed that BO has its impact on accuracy of underlying CNN
model. Wang et al. [25] employed BO in deep learning model
used for automatic crop disease prediction. Particularly, they
explored rice diseases using BO along with deep learning. In
future then intend to integrate soil, weather and location to
improving smart farming possibilities. Joy et al. [29]
introduction a concept known as batch BO for deep learning
models towards realizing a multi-scale search. Their empirical
study revealed that significance of batch BO for hyperparameter
tuning. From the literature, it is observed that BO has provision
for improving performance of ML and DL models. Based on
this proposition, the investigation has revealed that CNN with
BO with further improvement has potential to leverage
performance of long document classification. Our contributions
in this paper are as follows.

1. We proposed an algorithm named Enhanced Bayesian
Optimization (EBO) designed to optimize hyperparameter
tuning.

2. We also proposed another algorithm known as Hybrid
Model with Bayesian Optimization for Long Document
Classification (HMBO-LDC). The latter invokes the former
appropriately in order to improve parameter optimization of the
proposed hybrid model prior to performing long document
classification.

3. HMBO-LDC is evaluated and compared against
existing models such as CNN feature aggregation method, CNN
with LSTM and CNN with recurrent attention model.
Experimental results revealed that HMBO-LDC outperforms
other methods with highest classification accuracy 98.76%.

The remainder of the paper is structured as follows. Section
2 reviews relevant prior works on long document classification
and BO. Section 3 presents the proposed hybrid approach along
with enhanced BO. Section 4 presents experimental results
while Section 5 concludes out method and results besides giving
scope for future work.

Il. RELATED WORK

This section reviews literature on existing models that were
used for document classification. It also throws light on possible
optimizations towards improving parameter selection.

A.  Deep Learning for Document Classification
Chalkidis and Kampas [1] used deep learning techniques for
analysing legal documents. Their methodology has provision
for taking legal document corpora as input and perform learning
based analysis for document classification and data retrieval.
They exploited word embeddings named Law2Vec for
improving text processing. In future they intend to combine data
coming from multiple sources. Fawaz et al. [2] investigated on
different Deep Neural Networks (DNNs) to classify time series
data. They considered both open source and other publicly
available deep learning models for automatic text classification.
Banerjeea et al. [3] focused on radiology reports classification
using deep learning models. They compared performance
between Recurrent Neural Network (RNN) and Convolutional
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Neural Network (CNN) architectures. They found that both
CNN and RNN are feasible deep learning models for document
classification. Guo et al. [4] investigated on information
retrieval (IR) and the ranking models that are useful in IR
research. They considered different applications like retrieval of
documents, question answering and automatic conversion.
Their empirical study revealed that deep learning models are
useful in document classification. They intend to improve it in
future with computer vision and NLP enhancements. Gibert et
al. [5] studied on the prospect of ML models in processing
textual documents. Their research was on malware related
documents that are subjected to classification.

Otter et al. [6] investigated on NLP and deep learning models.
With their empirical study, they found that deep learning
models are feasible for processing textual documents using
NLP. They used a transformer model towards processing text
documents. Alarsan and Younes [7] explored ML models in
order to classify heart disease related documents pertaining to
ECG. Their work has found that medical document
classification can be done using deep learning models. In future,
they intend to work with medical documents pertaining to stress
and clinical information. Li et al. [8] proposed a deep learning
based framework named HEMOS which automatically detects
humour of humans through document media documents. The
system is made up of bi-LSTM along with attention mechanism.
In future then intend to consider emotion related content for
efficient classification of documents. Medvedeva et al. [9]
proposed a methodology for analysing European court
documents in order to predict court decisions based on the
historical data using ML models. It performs classification of
legal text documents using SVM. In future they intend to
improve their methodology considering more approaches in
linguistic and legal analysis. Stein et al. [10] used ML and deep
learning models to realize hierarchical text classification. They
employed word embeddings in the process of classification.
They named their method as FastText which could achieve
better accuracy over other models. They intend to improve it
with differential function to leverage multi-class classification.

Niu et al. [11] proposed a unified attention model for automatic
detection of classes and assign class labels. They found that
attention mechanism has its influence on the input
representations, output representations, features of input and
softness associated with attention technique. It has prediction
process towards finding class labels. In future, they intend to
improve attention mechanism along with deep learning models.
Khanday et al. [12] proposed a methodology for automatic
classification of Covid-19 related text documents to classify
patients into Covid-19 disease or no disease. Their methodology
supports multi-class classification considering Covid-19 and
other flu related diseases. They intended to improve their
method with better feature engineering approaches. Lavecchia
[13] discussed about deep learning models that can be used drug
discovery. In the process, they explored challenges, possibilities
and future prospects. They intend to combine deep learning
models in future for better classification of textual documents.
Ngiam and Khor [15] investigated on the healthcare documents
in order to discovery different interesting trends or patterns
from such data. They intend to explore further on medical
documents in future with document classification towards
automatic follow up of patients.
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Martmez-Arellano et al. [16] proposed a deep learning
model for automatic classification of tool wear dynamics in
manufacturing industry. It was done as part of monitoring tool
conditions automatically. They used time-series imaging data or
set of documents that provide rich information about tools are
used for classification. In future, they intend to use GPUs for
improving its classification performance. Mai et al. [17]
focused on bankruptcy prediction from different textual
disclosures and text corpora. It was done using deep learning
models that are based on CNN. They also used average
embedding model for better classification of documents. In
future they intend to improve their method with LSTM
technique. Flah et al. [18] investigated on different ML models
by classification of documents pertaining to structures used in
civil engineering. It is designed to have structural health
monitoring that helps construction industry to make decisions.
Cervantes et al. [19] explored SVM as one of the widely used
classification method along with its suitability for document
classification. Xu et al. [20] focused on ML methods on safety
related applications in order to classify them towards reliability
engineering. Different ML and DL models are also fund in the
literature for reliability classification of safety applications. In
future, they intend to improve it with risk analysis also.

B. Parameter Optimization

In deep learning parameter optimization plays crucial role.
Cho et al. [21] discussed about Bayesian Optimization (BO) for
automatic improvement of parameters in deep learning models.
They used different deep learning models for the application of
BO. However, their methodology could provide optimized
parameters but they intended to improve it further to determine
the range of value for each parameter in future. Victoria and
Maragatham [22] explored BO approach for automatic
optimization of parameters pertaining to deep learning models.
They explored different values for parameters and then
optimized to have best parameters. Their research revealed that
BO has its impact on accuracy of underlying CNN model.
Sameen et al. [23] considered the problem of prediction of
landslide susceptibility. In the process they employed BO
technique for CNN in order to improve its performance. Their
method showed the importance of BO in presence of computer
vision applications using CNN models. Ranjit et al. [24]
considered cloud infrastructure and deep learning models
towards their optimization. For parameter tuning, they explored
BO as a suitable candidate for it has provision to know best
parameters for given problem. In future then intend to improve
it further towards reducing computational complexity. Wang et
al. [25] employed BO in deep learning model used for automatic
crop disease prediction. Particularly, they explored rice diseases
using BO along with deep learning. In future then intend to
integrate soil, weather and location to improving smart farming
possibilities.

Cui and Bai [26] proposed a new optimization method for
CNN. It combines optimization method and genetic algorithm
towards realizing parameter optimization in CNN. The genetic
algorithm involves multi-level and multi-scale approach. Ragab
et al. [27] proposed multiple CNN variants and make them into
ensemble for automatic classification of environmental sounds.
Their work incudes feature selection and BO for multi-class
classification. In the process of searching, they intend to
incorporate adaptive approach for improving search operation
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in future. Borgli et al. [28] proposed an algorithm for BO based
optimization that cloud improve medical image analysis using
transfer learning along with CNN. They wanted to improve it
further towards avoiding overfitting problem with model
configurations and BO. Joy et al. [29] introduced a concept
known as batch BO for deep learning models towards realizing
a multi-scale search. Their empirical study revealed that
significance of batch BO for hyperparameter tuning. Joy et al.
[30] explored directional derivatives along with BO for
parameter tuning of deep models. With their approach search
space is improved in order to have better approach in BO for
parameter tuning. In future, they want to improve their method
to have fine grained control over it. From the literature, it is
observed that BO has provision for improving performance of
ML and DL models. Based on this proposition, the investigation
has revealed that CNN with BO with further improvement has
potential to leverage performance of long document
classification.

I11. PROPOSED FRAMEWORK

A long document classification framework is proposed, as
presented in Figure 1, based on a hybrid deep learning approach
and proposed enhanced Bayesian optimization method for
hyperparameter optimization of the hybrid deep learning model.

A. Framework

This framework has provision for both hybrid deep
learning based models that work together for long document
classification and also enhanced BO. The proposed deep
learning model with hybrid approach is presented in Figure 2.
This model is part of the proposed long document classification
framework. As presented in Figure 1, the hybrid model includes
recurrent network, attention network and glimpse network.
More information about the hybrid deep learning model is
provided in section B.

Hybrid Deep Learning Model

Recurrent Glimpse

Metwork Network

t 1
! :

Enhanced Bayesian Optimization

e

Covari
Covariance ariance Maodeling Parallel
Hyper
parameter

Functions Costs BO

Figure 1: Proposed framework with enhanced BO for long
document classification

The proposed enhanced BO is also part of the framework.
Enhanced BO is based on consideration of covariance
functions, covariance hyperparameters, modelling costs and
parallel BO for optimizing the proposed hybrid model. More
details on the enhanced BO are provided in Section 3.3.
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B. Hybrid Deep Learning Model

A hybrid deep learning model is realized by combining

deep learning models such as CNN, RNN and LSTM besides
attention mechanism and glimpse network. This hybrid model
is influenced by the ideas presented in [32]. Our model does not
take complete information in given documents to reduce
complexity in its modus operandi. Instead, it has efficient sub-
sampling that effectively represents content of a given
document D. As a result, the model is optimized in its
functionality. Moreover, our methodology is designed to work
with long length documents collected from ArXiv dataset [26]
which has large volumes of research articles. Our model
performs random sub-sampling to represent given document,
generates word vectors and extracts features using CNN model.
Since we use random sampling and the samples are expected to
reflect the essence of D. However, in reality, it may not be so.
To overcome this problem, we introduced a smart agent based
approach using Reinforcement Learning (RL), as illustrated in
Figure 2, where agent picks best blocks of D. In other words,
the agent is used to control the word blocks considered for
processing. The RL has mechanism to choose best word blocks
based on reward gained for its actions.
As presented in Figure 2, different kinds of networks such as
CNN, RNN with attention mechanism and glimpse network are
used along with RL. Instead of using simple random selection
of word blocks from D, our method uses RL to determine best
representative blocks from the document D. Thus the selected
blocks reflect the characteristics of given document. The
recurrent attention approach has its importance in improving
classification performance in our framework. Local CNN
feature extraction is done by glimpse network while the RNN
module involved in our framework is responsible for feature
aggregation. And the process of location predication for
sampling is carried out by the attention network.

Attentio
2

Hatw

Figure 2: Proposed hybrid model for
classification.

long document
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C. Reinforcement Learning

In the proposed framework, RL plays an important role
in efficient sub-sampling of the documents. It is based on a
smart agent that takes inputs from environment in the form of
state and comes up with an action. Based on the action, the
environment gives reward which is based on the correct
representation of given word block from D.

— Agent
State reward Action
5 R A
|
! Rl’+l
e
S, Envitonment
. T+,

Figure 3: Illustrates reinforcement learning process

Environment in the proposed system, as presented in Figure 3,
reflects the mechanism that has intelligence to find how best a
sub-sampled part of D can effectively represent D to some
extent. With number of sub-sampled word blocks, it ensures
that they provide best representation of D instead of taking
entire content from D for processing. There is an action space
and reward space. Reward is denoted as R,, state is denoted as
S; and action is denoted as A, in a given time step. There is an
iterative process in which the agent eventually finds the best
representative word blocks.

Notation  Meaning
fn(C16,) Adggregation of features extracted by CNN
fa(-16,)  Predication associated with sampling location
fy(:164)  Denotes local feature extraction by CNN
ly Value associated with random location
Ty Denotes reward in RL process
6, Denotes recurrent network
0, Denotes attention network
0y Denotes glimpse network
D Denotes a document
maxiter  Value reflecting maximum iterations
T Denotes number of glimpse
R Denotes value of cumulative return
p(S,.r|6) Policy for optimization
y Denotes value for decaying coefficient

Table 1: Notations used in the proposed long document
classification model.
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With the proposed framework, the given set of documents are
subjected to efficient classification. The dataset obtained from
[31] has ground truth in order to find the correctness of
predictions made by our framework. Our framework is realized
by proposing an algorithm known as Hybrid Model with
Bayesian Optimization for Long Document Classification
(HMBO-LDC).

D. Algorithm

An algorithm known as Hybrid Model with Bayesian
Optimization for Long Document Classification (HMBO-LDC)
is proposed. It is designed to exploit the proposed framework
and the underlying mechanisms such as RL and enhanced BO
based hyper-parameter optimization.

Algorithm: Hybrid Model with Bayesian Optimization for
Long Document Classification (HMBO-LDC)

Inputs:

Document D

Attention network parameter 6,
Recurrent network parameter 6y,
Glimpse network parameter 6,
Maximum number of glimpse T
Maximum number of iterations maxlter
Initial hyper-parameters A

Output:
Classification result

Begin

A 0 EnhancedBO(D)

For each iteration in maxIter

For each glimpse tin T

wordBlockOExtractWords(l,)
wordVectordObtainWordVector(wordBlock)
o.0 GetFeatures(f, (- |6,))
h.0GetNewHiddenState(f}, (- |01,), 0,)
l;+10PredictNxtLoc(f, (- |6), ht)

10. End For

11.  labelOPredictLabel(f, (- |81), hit1)

12.  IF label is correct Then

O Noug~wdhE

©

13. Return 1 as reward
14. Else

15. Return 0 as reward
16. EndIf

17.  Update 6, using RL

18.  Update 6, and 6, using back propagation
19. End For

20. End

Algorithm 1: known as Learning based Optimized Hybrid
Model for Long Document Classification.

Algorithm 1 takes document D, attention network parameter 6,,,
recurrent network parameter 8, glimpse network parameter 6,
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maximum number of glimpse T, maximum number of
iterations maxlter and initial hyper-parameters A as inputs and
gives classification result as output. The algorithm has
provision to search for best hyper-parameters and update A. For
each glimpse step t, f, (- |8,) predicts [, . Based on the location
word block is extracted. Then f; (- |6,) is used to obtain CNN
features and such features are aggregated using prior hidden
state associated with f,(-16,). Then f,(-|8,) finds next
location required by next glimpse. Once all glimpses are
completed, the algorithm finally performs document
classification. The f, (- |6,) is trained using RL as the [, and 6,,
do not have a differential relation. Based on the class label
prediction, reward 1 is returned or else 0 is returned. Then f, (-
|8,) gets optimized as expressed in Eq. 1.

NOE Ep(Sl:TW)[ZZ:l ] = Ep(s1:7|9)[R] (1)
Here the optimized policy is denoted as p(S;.r|6) which has
potential to predict next position and the cumulative reward is
computed as expressed in Eqg. 2.

R=%{, v™'n )

Where r; is the reward in each step while the cumulative return
value is denoted as R reflecting sum of rewards. There is
another value used in the computation which is known as
decaying coefficient y. Table 1 shows notations associated with
the proposed framework and underlying algorithm.

E. Hyper-Parameter Optimization using Enhanced BO

In BO, it is important to find function f(x) pertaining to a
bounded set y that we take on a subset of RP. BO is different
from other optimizations as it builds a probabilistic model for
f(x) besides exploiting the model for decision making. It does
not simply relay on approximations of Hessian and local
gradient but considers all prior evaluations of f(x). Thus it can
find non-convex functions minimally to avoid computational
complexity. With f(x) evaluations becoming expensive as it
needs training using ML, this overhead can be justified as the
model results in good decisions. Our work in this regard is
motivated by the work of Brochu et al. [36]. With BO two
important choices are made pertaining to choosing a prior over
functions reflecting any assumptions and construction of utility
function that determines next point for evaluation. We
considered the Gaussian process (GP) as prior distribution on
functions as it powerful. It takes the form such as f: y — R. GP
is characterized by {X,, € x}¥_, inducing multivariate Gaussian
distribution on R". From finite set of points (N), the n point is
taken as function value f(X,,). Such distribution has elegant
marginalization properties helping computation of conditions
and marginal. On functions, the resulting distribution is
determined by m:y — R which is a mean function and a
covariance function K: y X y — R. More on Gaussian processes
can be found in [35].
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i BO and its Acquisition Functions

As we assumed, f(x) is from Gaussian process prior and our
observations form {X,,, y,}¥_, where noise introduction is in
the form y,,~N(f(X,,), v). Then an acquisition function
a: y - R* determines the next point to be evaluation through
proxy optimization. It is denoted as X,.,; = argmaxy a(X)
based on prior observations and hyper parameters of GP. This
dependency is expressed as a(X;{X,, y.},8). Acquisition
function has many choices. However, with respect to Gaussian
process prior, those functions relay on the model via predictive
mean function such as u(X; {X,,v,},0) and variance function
denoted as o?(X;{X,,¥.},0). In this regard, X,.. =
argminy f(X,) is used to compute current best value while
®(-) denotes cumulative distribution function. To maximize
improvement probability analytical computation is carried out

as expressed in Eqg. 1.

fx es )—-u(X; Xn,¥n ,0
@1 (X (X, 70}, 0) = O/ (X)), y(x) = L0 blilhnrl)
®

Alternatively, it is possible to compute expected improvement
(El) asin Eq. 2.

g (X; X, i}, 0)=0 (X, (X0, v}, ) (y XD B (¥ (X)) +

N(y(X);0,1)) )
Upper confidence bound of GP is of late exploited to realize
acquisition functions as expressed in Eqg. 3.

Z?)L)CB (X; {Xn' yn}; G)ZM(X; {Xnt yn}: 9)'k0(X; {Xn' yn}; 6)

The balance between exploration and exploitation is achieved
using a tunable parameter k. El is considered in this work.

ii. Covariance Hyper parameters and Covariance
Functions

GP supports rich distribution on functions and it is based on
covariance function. Relevance determination is important in
this context. This is computed as in Eq. 4.

Ksg (X, X )=6pexp {—>r2(X, X))

(xa—x?
e @

rZ(X,X\):Zgzl

To realize further optimizations 5/2 kernel is employed and this
is as expressed in Eq. 5.

Kus2(X, X )=6, (1 +./572(X,X) +

grz(X,X\)> exp (—V5r%(X, X))} (5)

It results in sample functions that are increasingly differentiable
sans smoothness of the squared exponential. Once form of
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covariance is determined, it is important to manage hyper
parameters. As we are using D + 3 Gaussian process, hyper
parameters include constant mean m, observation noise v and
covariance amplitude 6,. Most common approach to optimize
parameters linked to Gaussian process is expressed as
p(Y{XIN_1,0,v,m) = N(ylm1,Y, +wv1). Thus an
integrated acquisition function is as expressed in Eq. 6.

a(X; {Xn, yn}):f a(X; {Xn' yn}; 9)10({Xn' yn}g=1)d9

(6)

Both & and a(X) depend on all observations. For El it is
important to achieve generalization in hyper parameters. To
achieve this Monte Carlo estimate is employed. Slice mapping
discussed in [34] is used to acquire samples efficiently.

Table 2: Notations used in hyper-parameter optimization using
Enhanced BO

Notation Meaning
X Denotes bounded set
y Covariance matrix
= [y, Y2 e, Ynl"
v Denotes observation noise
m Indicates a constant mean
k Value used to balance exploitation and
exploration
f(x) Function
a(X) Value acquired  from  different
observations
() Indicates cumulative distribution function
GP Prior distribution
6;,.p Scales of D length
6 Indicates covariance amplitude
yo~N(f(X,),v)  Function observation with variance of
and v noise
(X):x - R Indicates a duration function
RP Indicates a subset

iii. Considering Modelling Costs

BO needs to consider the cost of modeling with quick
optimization. We considered El per second for optimization
which results in acquiring points without causing much
overhead. As the true objective function f(X) and duration
function (X): y —» R* are not known, we assume that they are
independent but useful for capturing through GP variants for
multi-task learning. With the independence assumption in
place, it becomes easier to compute the inverse duration
expected in order to compute EI per second.

iv. Parallelizing Bayesian Optimization Considering
Modelling Costs

Due to the emergence of multi-core computing, it is possible to
parallelize BO procedures. With batch parallelism, we
determine the point to be evaluated next. As we cannot employ
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the same function repeatedly, experiments are repeated. We
also proposed a sequential strategy that benefits from tractable
inference properties of GP to calculate Monte Carlo estimations
associated with acquisition function. With N evaluations and
{Xn, yo}N_, as yielding data, it is possible that J evaluation are
pending at different locations expressed as {Xj}jzl. A new point

is chosen depending on expected acquisition function
considering all outcomes associated with pending evaluations.

a’(X; {Xn' yn}l 9! {Xj}):fR]a(X;{ an yn},e, {X! y]})
p((X Yoy (X yudi=1 )dy 1. dyj (7)

This it is nothing but expectation of a(x) in presence of a J-
dimensional Gaussian distribution whose covariance and mean
can be computed with ease. With regard to covariance hyper
parameter it is easier to computed expected acquisition using
samples. This kind of work is also found in [33] but we saw that
Monte Carlo procedure for estimation is highly effective.

Algorithm: Enhanced Bayesian Optimization (EBO)
Inputs: Document D, initial hyper-parameters A
Output: Updated hyper-parameters A

1. Begin

Compute covariance function K: y X y > R
Compute mean function m: y - R

Find probability of improvement

Compute expected improvement

Optimize marginal likelihood of parameters
Update A

Return A

End

©o~NoTa~ W

Algorithm 2: Enhanced Bayesian Optimization (EBO)

As presented in Algorithm 2, EBO takes the document D as
input as the ML model needs to be subjected to hyperprameter
optimization based on the data. Since data to be processed can
help in setting appropriate hyperparameters, the algorithm
strives to come up with tuned hyperparameters. The algorithm
is generic in nature and works for different ML models. The
process is based on Gaussian process priors. The algorithm
computes covariance function followed by mean function. It
gives clue pertaining to probability of improvement. Then it
computes expected improvement. Afterwards the algorithm
optimizes marginal likelihood of parameters prior to updating
and returning them.

IV. RESULTS AND DISCUSSION

This section presents result of the empirical study. Observations
are made in terms of accuracy in long document classification.
Since accuracy is the metric based on confusion matrix and
dynamics of positive and negative predictions, this measure is
widely used for performance comparison. The proposed method
HMBO-LDC is compared against existing methods such as
CNN with feature aggregation, CNN with LSTM and CNN with
recurrent attention model. Dataset used for our empirical study
is collected from [31].
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Window  Accuracy (%)

Size CNN CNN CNN with  HMBO-LDC
Feature with Recurrent (Proposed)
Aggregation LSTM  Attention Model

10 86.37 8342  89.84 93.15

20 86.53 86.05  90.15 94.56

50 86.98 86.71 91.67 95.45

100 87.03 87.23 91.89 95.84

200 87.21 88.06 92.23 96.25

400 87.56 88.86 93.45 97.81

500 87.95 89.11  93.87 98.25

Table 3: Performance comparison with 200 words

Table 3 presents accuracy (%) of long document classification
exhibited by different existing methods and proposed method
against varied window size. These observations are when 200
words are used in experiments.

Window  Accuracy (%)

Size CNN CNN CNN with  HMBO-LDC
Feature with Recurrent (Proposed)
Aggregation LSTM  Attention Model

10 87.48 86.28 90.05 94.58

20 90.11 88.41 92.22 95.65

50 90.33 89.08  93.08 96.24

100 90.60 89.08  93.56 96.69

200 92.08 90.08  93.67 96.94

400 92.12 90.12  93.53 97.25

500 92.78 9135  93.95 97.32

Table 4: Performance comparison with 400 words

Table 4 presents accuracy (%) of long document classification
exhibited by different existing methods and proposed method
against varied window size. These observations are when 400

words are used in experiments.

Window  Accuracy (%)

Size CNN CNN CNN with  HMBO-LDC
Feature with Recurrent (Proposed)
Aggregation LSTM  Attention Model

10 88.36 86.66 90.11 93.62

20 91.21 89.59 92.38 95.52

50 91.88 89.92 93.68 96.58

100 92.16 90.23 94.24 97.15

200 93.35 90.51 94.11 97.56

400 93.68 90.78 94.54 97.94

500 93.89 91.05 94.89 98.82

Table 5: Performance comparison with 600 words

Table 5 presents accuracy (%) of long document classification
exhibited by different existing methods and proposed method
against varied window size. These observations are when 600
words are used in experiments.
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Window _ Accuracy (%)

Size CNN CNN CNN with  HMBO-LDC
Feature with Recurrent (Proposed)
Aggregation LSTM  Attention Model

10 89.14 89.44 92.36 96.10

20 92.13 90.28 92.53 96.56

50 92.32 90.37 93.86 97.45

100 92.63 90.56 94.36 97.89

200 93.38 90.82 94.41 98.15

400 93.41 90.94 93.87 98.45

500 93.56 91.21 94.65 98.68

Table 6: Performance comparison with 800 words

Table 6 presents accuracy (%) of long document classification
exhibited by different existing methods and proposed method
against varied window size. These observations are when 800
words are used in experiments.

Window  Accuracy (%)

Size CNN CNN CNN with  HMBO-LDC
Feature with Recurrent (Proposed)
Aggregation LSTM  Attention Model

10 90.26 89.48 93.17 96.24

20 92.21 90.36 93.21 96.68

50 92.59 90.61 94.56 97.43

100 93.78 91.77 94.68 97.62

200 93.89 91.96 95.48 98.21

400 93.97 92.15 95.60 98.52

500 94.02 92.34 94.73 98.76

Table 7: Performance comparison with 1000 words

Table 7 presents accuracy (%) of long document classification
exhibited by different existing methods and proposed method
against varied window size. These observations are when 1000
words are used in experiments.

Performance comparison with 200 words
=== CNN Feature
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__ 100 ==
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< 10 20 50 100200400 500 ﬁﬁeélé{%%godel
Window Size (Proposed)

Figure 4: Performance comparison of against window size
when number of words is 200

As presented in Figure 4, different deep learning models
including the proposed model HMBO-LDC are evaluated for
their performance in long document classification. Empirical
study is made with different window size and number of words
200. Observations are made in terms of accuracy in
classification. The predictions made by the models and ground
truth values are used as per confusion matrix to arrive at
accuracy details. Each model has shown different level of
accuracy. When window size is 500, CNN feature aggregation
showed 87.95% accuracy, CNN with LSTM model exhibited
89.11% accuracy, CNN with recurrent attention model showed
93.87% while the proposed model achieved 98.25% accuracy.
From the results it is observed that the proposed model
outperformed existing ones with highest accuracy.
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Performance comparison with 400
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Figure 5: Performance comparison of against window size
when number of words is 400

As presented in Figure 4, different deep learning models
including the proposed model HMBO-LDC are evaluated for
their performance in long document classification. Empirical
study is made with different window size and number of words
400. Observations are made in terms of accuracy in
classification. The predictions made by the models and ground
truth values are used as per confusion matrix to arrive at
accuracy details. Each model has shown different level of
accuracy. When window size is 500, CNN feature aggregation
showed 87.95% accuracy, CNN with LSTM model exhibited
89.11% accuracy, CNN with recurrent attention model showed
93.87% while the proposed model achieved 98.25% accuracy.
From the results it is observed that the proposed model
outperformed existing ones with highest accuracy.
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Figure 6: Performance comparison of against window size
when number of words is 600

Performance comparison with 800
words
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Figure 7: Performance comparison of against window size
when number of words is 800
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Figure 8: Performance comparison of against window size
when number of words is 1000.

V. CONCLUSION AND FUTURE WORK

In this paper, we proposed an algorithm named Enhanced
Bayesian Optimization (EBO) designed to optimize
hyperparameter tuning. This algorithm is designed and
implemented to have better approach in BO overcoming its
inherent limitations. Such algorithm is crucial for
hyperparameter tuning of deep learning models. We also
proposed another algorithm known as Hybrid Model with
Bayesian Optimization for Long Document Classification
(HMBO-LDC). The latter invokes the former appropriately in
order to improve parameter optimization of the proposed hybrid
model prior to performing long document classification.
HMBO-LDC is evaluated and compared against existing
models such as CNN feature aggregation method, CNN with
LSTM and CNN with recurrent attention model. Experimental
results revealed that HMBO-LDC outperforms other methods
with highest classification accuracy 98.76%. Our work has
revealed significance of EBO. However, we intend to consider
an ensemble deep learning model along with EBO for
leveraging classification performance further in future.
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