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Abstract

Natural Language Processing (NLP) has emerged remarkable progress in the field of deep learning studies. Not only a superior
alternative to rule-based NLP methods, deep learning-based techniques have also succeeded more accurate performances in various
NLP tasks such as text classification, sentiment analysis or document clustering. Since the performance of a deep learning model
undoubtedly depends on adjusting its hyperparameters ideally, tuning the most optimum hyperparameters determines the capability
of the model learning in terms of meaningful pattern extraction from the input data. In this paper, hyperparameter optimization
techniques of Bayesian Optimization, Random Search and Grid Search have been applied on the deep learning models of Long Short-
Term Memory (LSTM) and Convolutional Neural Network (CNN) for the purpose of detecting defective expressions in Turkish
sentences. The hyperparameters of previously implemented LSTM and CNN models for this purpose have been adjusted using trial-
and-error approach, which is time-consuming and cannot guarantee the most ideal model in general. After these hyperparameters
have been adjusted using optimization techniques, the performances in terms of accuracy have been increased from 87.94% to
92.82% and from 84.33% to 89.79% for the models of LSTM and CNN respectively.
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Oz

Dogal Dil isleme (DDIi), derin égrenme ¢alismalari alaminda dikkat cekici ilerlemeler ortaya koymustur. Derin 6grenme tabanh
teknikler, yalnizca kural tabanli DDI yéntemlerine iistiin bir alternatif olmakla kalmayip, aym zamanda metin simflandirma, duygu
analizi veya belge kiimeleme gibi cesitli DDI gérevlerinde de daha dogru performanslar elde etmeyi basarmistir. Bir derin égrenme
modelinin performansi, siiphesiz ki hiperparametrelerinin ideal sekilde ayarlanmasina baglh oldugundan, en ideal
hiperparametrelerin ayarlanmasi, girdi verilerinden anlamli ériintii ¢ikarma agisindan model 6grenmesinin kapasitesini belirler. Bu
makalede, Tiirkce climlelerdeki anlatim bozukluklarini tespit etmek amaciyla Uzun Kisa-Siireli Bellek (UKSB) ve Evrisimsel Sinir
Aglar1 (ESA) derin 6grenme modelleri iizerinde Bayesian Optimization, Random Search ve Grid Search hiperparametre optimizasyon
teknikleri uygulanmistir. Bu amagla daha 6nce gelistirilmis UKSB ve ESA modellerinin hiperparametreleri, zaman alan ve genel olarak
en ideal modeli garanti edemeyen deneme-yanilma yaklasimi kullanilarak ayarlanmisti. Bu hiperparametreler, optimizasyon
teknikleri kullanilarak ayarlandiktan sonra ise, dogruluk agisindan performanslar1 UKSB ve ESA modelleri i¢in sirasiyla %87,94'ten
%92,82'ye ve %84,33'ten %89,79'a yiikseltilmistir.

Anahtar Kelimeler: Bayesian optimization, Grid search, Hiperparametre optimizasyonu, Dogal dil isleme, Random search, Tiirkce

1. Introduction Hyperparameter optimization has become a critical component
when building a deep learning model. It encompasses tuning
ideal hyperparameters for the model in order to maximize model
performance. By adjusting the optimum values for the

hyperparameters such as dropout, learning rate, optimizers,

Deep learning has made a revolutionary effect on the field of
artificial intelligence. It enabled crucial advancements in image
processing, computer vision, natural language processing, and
various other domains [1]. The success of deep learning comes

from the powerful neural network that is capable of learning
complex representations from vast amounts of data. However,
optimal performance of deep learning models depends on careful
hyperparameter tuning of them since it plays an important role
for their behavior in shaping and generalizing capabilities [2].
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batch size, activation functions and etc., deep learning models can
reach their full potential and provide superior results [3, 4].
Hyperparameter techniques are highly benefited in several kinds
of studies such as parkinson disease prediction [5], sensor-based
human activity recognition [6], malware classification [7] and
sarcasm recognition [8].
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Defective expression is the Turkish grammatical term which
addresses the ambiguities in Turkish sentences. It can be caused
by several semantic reasons such as using a redundant word,
using a word in a wrong place, uncertainty in meaning of the
sentence and etc. Furthermore, a defective expression may also
be occurred by morphological reasons such as using wrong
suffixes in a word (Since Turkish is an agglutinative language,
suffixes are used in almost any grammatical issue.), missing
element, conjunction errors and etc. [9, 10]. In education, mass-
media, Turkish linguistic studies or literary works, defective
expressions are always the problems that must be handled in
Turkey. Considering other language ambiguities which are
generally occurred by a synonym word which has several
meanings, Turkish defective expressions show solid differences
in terms of semantics and context.

Linguists rather than computer scientists have studied Turkish
defective expressions throughout the literature. To give
examples, the study of Biiylikikiz [11] analyzed defective
expressions in the essays, written by 8th grade students and the
study of Ozdem [12] analyzed local newspapers whether they
have defective expressions or not. On the other hand, apart from
the aforementioned manual analyze studies by linguists, the
studies of Suncak and Aktas [13-15] implemented deep learning
models (LSTM [Long Short-Term Memory], CNN [Convolutional
Neural Network] and Bi-LSTM [Bidirectional LSTM]) and
machine learning classifiers (KNN [K-Nearest Neighbor], SVM
[Support Vector Machine] and RF [Random Forest]) to detect
defective expressions in Turkish sentences. The performance of
deep learning models in terms of accuracy varies from 84% to
88%, while machine learning models provide 58% to 78%
accuracy rates. However, the hyperparameters of these models
have been adjusted using trial-and-error method, therefore it can
be clearly declarable that these performances may be increased
using the right optimization methods.

This article will discuss the hyperparameter optimization of CNN
and LSTM deep learning models. This study's main objective and
contribution are to provide more ideal performances for
detecting defective expressions in Turkish sentences in
comparison to the other models whose hyperparameters are
empirically adjusted. Throughout the article, the impact of
adjusting optimal values of key hyperparameters on model
performances by using optimization techniques such as Bayesian
Optimization (BO), Random Search (RS) and Grid Search (GS) will
be analyzed in details. Each technique has its own strengths and
limitations, therefore their applicability differs in consideration
of amount of data, number of hyperparameters or other
unforeseen reasons. By understanding the nuances of these
optimization methods, the most suitable approach for a model
can be selected [16].

In summary, hyperparameter optimization study in order to
increase the performance of learning models to detect defective
expressions in Turkish sentences have been served in this article.
By understanding the importance of hyperparameter
optimization, we aim to equip Turkish NLP (Natural Language
Processing) researchers with the necessary tools and another
point of view to unlock the full potential of deep learning models
and push the boundaries of artificial intelligence. This article
consists of five sections and the organization is as follows: Section
Two explains dataset, data preparation and learning models and
hyperparameter optimization methods used in this study. Section
Three tells the results and performances of the models. Section
Four provides discussion over the results and Section Five
concludes the article.
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2. Materials and Methods

In this article, the effectiveness of three popular hyperparameter
optimization techniques, namely Bayesian optimization, random
search, and grid search, have been analyzed for fine-tuning deep
learning models. The implementation of the models has been
performed using Python programming language with PyCharm
IDE and its NLP and machine learning libraries such as Keras [17]
and Tensorflow [18] have been benefited for the purpose.

2.1. Dataset

The data to train and test the models have been collected from
various open-access web sources of courses, schools and
education centers in addition to the official exam center of Turkey
(OSYM). Each data is originally a sentence that belong to a
multiple choice question related to defective expression. Thus,
that sentence had already been determined by the expert of the
institution whether it has defective expression or not since the
answers have also been served related to each question. After a
comprehensive search, 9710 Turkish sentences, 4299 of which
consist of defective expressions and rest are grammatically
proper, have been collected and each sentence according to
having defective expression or not have been labelled as DEF or
NON-DEF respectively, shown in Table 1.

Table 1. Sample of the sentences in dataset.

Sentence Label
Disciye hi¢ ya da ¢ok seyrek gidiyorlar. DEF

Bu kursta, giizel konusmanin inceliklerini 6greniyorum. NON-DEF
Davete katilanlarin hemen hemen hepsini taniyorum. NON-DEF
Halk arasinda da en iyi yaptig1 isle sevilir sayiir duruma  DEF
diisti.

Bu davranis insandan insana gore degisir. DEF

Bu konuda yapilan agiklamalarin anlasilmayacak bir yani  NON-DEF
bulunmuyor.

Teknoloji ne kadar artarsa da el emeginin 6nemi azalmiyor. DEF
Toplumsal ve bireysel olaylara, yan tutmadan bakar. NON-DEF
Yaptiklarini kendi agziyla itiraf etti. DEF

Ise gec gelecegini hi¢ olmazsa bana haber verseydin bari. DEF
flgililer bu konuda gériis alisverisinde bulundular. NON-DEF

Since that amount of data are inadequate for training an NLP-
purposed learning model, the data have been augmented up to
29756 (13398 of them have defective expressions and 16358 of
them are proper ones) using Turkish Synonym Dictionary [19],
seenin Table 2.

Table 2. The number of sentences in dataset before and after
data augmentation.

Number of Number of Sentences Total
Sentences with without Defective
Defective Expression  Expression
Before 4299 5411 9710
Augmentation
After 13398 16358 29756

Augmentation
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In order to train and test a learning model for text operations, the
data need the adequate preparation operations of NLP. For this
reason, the text data have been applied some NLP techniques,
seen in Figure 1, before feeding the models such as punctuation
removal, normalization, stop-word removal and etc. However, we
avoided stemming or lemmatization operations since suffixes
may cause defective expression.

Collected Same sentence
> — jer-
sentences removal Lower-case
A
A Remove Remove
e— ;
Normalization stop-word punctuation

Figure 1. The flow diagram of data preprocess operations.
2.2. Word Vectors and Learning Models

Vectorising words or word embeddings refer to vectors for
document vocabulary representation [20]. In this study,
Word2vec technique has been used for word embedding
extraction, introduced by Mikolov et al. [21] since word vectors
are capable of providing better context information of the related
word in comparison to the word itself. This technique considers
the context of the word by its surrounding ones in the sentence
for better semantic analysis [22]. In conclusion, each word of
each sentence has been vectorised to train the learning models.

In order to detect defective expressions in Turkish sentences, the
deep learning models of LSTM and CNN have been implemented.
LSTM is known to be the most appropriate network for handling
a long sequence of data among other RNN methods, introduced
by Hochreiter and Schmidhuber [23]. Thanks to its memory cells,
it has the capability of avoiding long term dependencies, which
prevents vanishing gradient problem [24]. CNN is one of the most
popular one among deep learning models for visual operations
such as image classification or object detection, introduced by
LeCun etal. [25]. On the other hand, CNN is also pretty applicable
on text operations with considerably successful performances
such as text classification, character level classification and etc.

The flow diagram of learning models is presented in Figure 2.

Data
Dataset Preprocess
Wo rﬁzvn
'fx__ J Drata split
- (Train set & Test set)
A )
Word
embeddings
| } Train set
e . -
Test set p
LSTM
Model validation CNN

Figure 2. The flow diagram of learning models.
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2.3. Evaluation Metrics

In order to measure the performance of each model; the metrics
of accuracy, precision, recall and f1 score [26] have been applied,
defined as Egs. (1) - (2) - (3) - (4) respectively. The abbreviations
of TP, TN, FP and FN refers to True-positive, True-negative, False-
positive and False-negative respectively.

Number of correct predictions

A =
ceuracy Total number of predictions .
, o TP 2
recision = o (2)
TP (3)
Recall = TP+ FN
2 x precision * recall
F1 Score = P Y

precision + recall

Mean Squared Error (MSE) is the loss function of the models that
calculates the average of the square of differences between
original and predicted values of the data, defined as Equation (5).
After several trials and errors with other loss functions, MSE
resulted in better performances in terms of reducing loss.

n
1
MSE = NZ(actual v.—predicted v.)? (5)

i=0

In the equation of MSE, N refers to the total number of data and v
means ‘values’. etc.

2.4. Hyperparameter Optimization Technique

The fact that both machine learning classifiers and deep learning
models have a wide range of hyperparameters to be adjusted, it
is undoubtedly crucial that tuning them in the mostideal of all the
worlds in order to implement the optimum learning model and
get the highest performance [27]. These techniques have both
advantages and limitations according to the number of
hyperparameter, the learning model that is applied on and etc. In
this study, three popular hyperparameter optimization methods
have been applied on the learning models, which are Grid Search
(GS), Random Search (RS) and Bayesian Optimization (BO).

GS is a technique that has been widely used for hyperparameter
tuning of learning models. It is known to be a straightforward
approach that all combinations of the hyperparameters are
defined in a grid and tried exhaustively [28]. Although it is simple,
straightforward and exhaustive which guarantees that every
hyperparameter combination will be calculated; there are
important  disadvantages such as being extremely
computationally expensive and lack of flexibility which it cannot
adapt to the observed result and limit the number of
computations in addition to the fact that. In addition, the more
the number of hyperparameters increases, the more the number
of grid points grows exponentially, which results in inefficient
performances [29, 30].

Despite being simple, RS is a powerful technique for
hyperparameter optimization, introduced by Bergstra and
Bengio [3]. This technique samples the parameter combinations
randomly and discovers good configurations of hyperparameters
by chance by exploring the search space in stochastic manner.
Although GS is computationally expensive in high-dimensional
spaces, RS is more effective in comparison. Despite the fact that it
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may not guarantee to find the optimum values, it provides
efficient and perfect results with fewer calculations [31, 32].

BO is a well-known technique for being powerful and efficient for
tuning hyperparameters and global optimization, introduced by
Mockus [33] and his co-researchers [34]. This technique explores
the search space by balancing exploration by benefiting the
power of probabilistic modelling and Gaussian process. BO
selects the most suitable combination to evaluate by considering
both previously observed data and gained knowledge. This
process leads to the exploration of ideal solution with fewer
calculations, which makes BO suitable for the models that are
time-consuming and exhaustive [35, 36].

The learning process highly relies on the success of the
hyperparameter optimization. The flow of hyperparameter
optimization process is depicted in Figure 3.

Create a Domain
Space

!

Define an Objective
Function

1

Optimization Algorithm

T

Results

Figure 3. The flow diagram of learning models.

‘Create a Domain Space’ addresses the input values from the
dataset. ‘Define an Objective Function’ represents the aim to
increase the accuracy of learning models, therefore the objective
function is the metric of ‘accuracy’. ‘Optimization Algorithm’ is
the method(s) used for hyperparameter optimization, therefore
it addresses RS, GS and BO. Finally, ‘Result’ means the developed
model after hyperparameter optimization technique is held.

3. Results

This section tells the performance results of the detection models
when applying hyperparameter optimization techniques. It
discusses them by comparing with the previous ones which the
model hyperparameters have been adjusted with the approach of
trial-and-error. Furthermore, each optimization technique has
been applied using 10-fold cross validation in order to acquire
more proper results and prevent overfitting. To start with, Table
3 depicts the hyperparameters of LSTM model with their ranges
for each optimization technique applied.

Table 3. Hyperparameters of LSTM and their ranges for each
optimization technique.

Hyperparameters  Bayesian Random Search Grid Search
Optimization

Hidden Layer 32to 512 32to 512 64,128, 256,
12
(step = 32) (step =32) 5
Dropout Rate 0.1t0 0.5 0.1to 0.5 0.1,0.3,0.5
(step=0.1) (step=10.1)
Activation Softmax, Softmax, Softmax,
Function Sigmoid, ReLu Sigmoid, ReLu Sigmoid, ReLu
Learning Rate le-4 to le-2 le-4 to le-2 le-4, 1e-3,

(log sampling) (log sampling) le-2

Within the hyperparameters above, LSTM model have been
optimized using each optimization technique and each technique
resulted with top five best combinations. After that, each of these
combinations have been applied on the model using 10-fold cross
validation in order to prevent overfitting and get consistent
performance. Table 4, Table 5 and Table 6 show the model
performances when the best five hyperparameter combinations
of Bayesian optimization, Random search and grid search are
applied respectively.

CNN model, on the other hand, has been implemented using three
convolution layers for the purpose of detecting defective
expressions. Each layer has the hyperparameters of number of
filters, kernel, pool size and dropout layer. The fact that there is
too many hyperparameters with CNN model when multiplying by
three, Grid search optimization has become a problem since it is
originally an exhaustive approach; therefore, these too many
hyperparameters made Grid search a grueling option and finally
resulted in error due to the performance limitations of the device.
As a result, only Bayesian optimization and Random search
approaches could have been applied for hyperparameter
optimization for CNN model. Table 7 tells the hyperparameters of
CNN model with their ranges for each optimization technique
applied.

Within the hyperparameters, given in Table 7, CNN model have
been optimized using optimization techniques and each
technique resulted with top five best combinations. After that,
each of these combinations have been applied on the model using
10-fold cross validation in order to prevent overfitting and get
consistent performance. Table 8, and Table 9 show the model
performances when the best five hyperparameter combinations
of Bayesian optimization and Random search are applied
respectively. L.R. stands for Learning Rate and A.F. stands for
Activation Function.

Table 4. Best five hyperparameter combinations of Bayesian optimization and their performances with LSTM

Hidden Layer Dropout Rate Learning Rate AFCJ;]V;E)(LH Precision Recall F1 Score Accuracy Loss
416 0.1 0.004 Softmax 0.93 0.95 0.94 92.82 0.06
320 0.4 0.001 Softmax 0.94 0.94 0.94 92.78 0.06
192 0.4 0.0006 ReLu 0.93 0.94 0.93 91.85 0.06
320 0.3 0.002 Sigmoid 0.94 0.95 0.94 92.63 0.06
128 0.2 0.001 Sigmoid 0.93 0.93 0.93 91.57 0.07
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Table 5. Best five hyperparameter combinations of Random search and their performances with LSTM.

Hidden Layer Dropout Rate Learning Rate A%cut:l\;ifgc:]n Precision Recall F1 Score Accuracy Loss
192 0.2 0.001 Sigmoid 0.94 0.93 0.93 92.14 0.07
480 0.4 0.003 Sigmoid 0.92 0.93 0.93 91.31 0.07
512 0.2 0.0002 Sigmoid 0.92 0.94 0.92 90.66 0.07
352 0.2 0.001 Softmax 0.94 0.95 0.94 92.49 0.06
352 0.5 0.008 Softmax 0.93 0.95 0.94 92.71 0.06
Table 6. Best five hyperparameter combinations of Grid search and their performances with LSTM.
Hidden Layer Dropout Rate  Learning Rate I;Cutilvcilt:;)nn Precision Recall F1 Score Accuracy Loss
128 0.5 0.001 Softmax 0.92 0.92 0.92 90.45 0.08
64 0.5 0.0001 Softmax 0.84 0.89 0.86 82.92 0.14
352 0.2 0.001 Softmax 0.94 0.95 0.93 92.65 0.06
128 0.5 0.0001 Softmax 0.88 091 0.89 86.23 0.13
128 0.3 0.001 Sigmoid 0.93 0.94 0.93 91.74 0.08
Table 7. Hyperparameters of CNN and their ranges for each optimization technique.
Hyperparameters Bayesian Optimization Random Search
Number_of_filters_1 32 to 256 32 to 256
(step = 32) (step = 32)
Kernel_Layer1 2to5 (step=1) 2to5 (step=1)
PoolSize_Layer1 2to 3 (step=1) 2to3 (step=1)
Dropout_Layer1 0.1to 0.5 0.1t0 0.5
(step=0.1) (step =0.1)
Number_of_filters_2 32 to 256 32 to 256
(step =32) (step = 32)
Kernel_Layer2 2to5 (step=1) 2to5 (step=1)
PoolSize_Layer2 2to 3 (step=1) 2to3(step=1)
Dropout_Layer2 0.1to 0.5 0.1t0 0.5
(step=0.1) (step =0.1)
Number_of_filters_3 32 to 256 32 to 256
(step = 32) (step = 32)
Kernel_Layer3 2to5 (step=1) 2to5 (step=1)
PoolSize_Layer3 2to 3 (step=1) 2to3(step=1)
Dropout_Layer3 0.1to 0.5 0.1t0 0.5
(step=10.1) (step=0.1)

Activation Function

Learning Rate

Softmax, Sigmoid, ReLu

le-4 to 1e-2 (log sampling)

Softmax, Sigmoid, ReLu

le-4 to 1e-2 (log sampling)
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Table 8. Best five hyperparameter combinations of Bayesian optimization and their performances with CNN.

Layer 1 Layer 2 Layer 3 Others Precision Recall F1 Score Accuracy
Filters = 224 Filters = 256 Filters = 256
Kernel = 4 Kernel = 2 Kernel = 3 L.R.=0.0005
Dropout = 0.3 Dropout = 0.3 Dropout=0.2 A.F.=ReLu 0.90 0.94 0.92 89.79
Pool Size = 2 Pool Size =2 Pool Size =3
Filters = 160 Filters = 224 Filters = 160
Kernel = 4 Kernel = 4 Kernel = 4 L.R.=0.0001
Dropout=0.1 Dropout = 0.3 Dropout=0.1 A.F. = Softmax 0.89 0.93 0.92 8889
Pool Size = 3 Pool Size =2 Pool Size = 2
Filters = 64 Filters = 256 Filters = 160
Kernel =5 Kernel = 2 Kernel =3 L.R.=0.002
Dropout = 0.1 Dropout=0.1 Dropout = 0.2 A.F. = Softmax 0.89 0.93 091 8840
Pool Size = 2 Pool Size =3 Pool Size =3
Filters = 224 Filters = 128 Filters = 128
Kernel = 3 Kernel =5 Kernel = 2 L.R.=0.0001
Dropout = 0.1 Dropout=0.3 Dropout = 0.1 A.F. =Sigmoid 0.90 0.94 0.92 89.06
Pool Size =3 Pool Size =3 Pool Size = 2
Filters = 64 Filters = 256 Filters = 128
Kernel = 2 Kernel = 2 Kernel = 3 L.R.=0.001
Dropout = 0.1 Dropout=0.1 Dropout = 0.2 A.F.=ReLu 089 0.94 091 8894
Pool Size =3 Pool Size = 2 Pool Size =2
Table 9. Best five hyperparameter combinations of Random search and their performances with CNN.
Layer 1 Layer 2 Layer 3 Others Precision Recall F1 Score Accuracy
Filters = 128 Filters = 224 Filters = 64
Kernel =5 Kernel = 4 Kernel = 2 L.R.=0.0002
Dropout = 0.2 Dropout = 0.5 Dropout = 0.2 A.F. = Softmax 0.88 0.93 0.92 89.08
Pool Size = 2 Pool Size =3 Pool Size =3
Filters = 64 Filters = 128 Filters =96
Kernel =5 Kernel = 3 Kernel = 3 L.R.=0.001
Dropout = 0.1 Dropout = 0.1 Dropout = 0.3 A.F. =Sigmoid 0.89 091 091 88.80
Pool Size =3 Pool Size = 2 Pool Size =3
Filters = 224 Filters = 224 Filters = 64
Kernel =5 Kernel = 2 Kernel = 2 L.R.=0.0001
Dropout = 0.5 Dropout = 0.2 Dropout = 0.4 A.F.=ReLu 0.88 0.91 0.90 8746
Pool Size = 2 Pool Size = 2 Pool Size = 2
Filters = 160 Filters = 128 Filters = 224
Kernel = 4 Kernel = 3 Kernel = 3 L.R.=0.002
Dropout = 0.4 Dropout = 0.3 Dropout=0.3 A.F. = Sigmoid 0.89 0.90 0.91 88.81
Pool Size = 2 Pool Size =3 Pool Size =3
Filters = 128 Filters = 32 Filters = 256
Kernel = 3 Kernel = 2 Kernel = 2 L.R.=0.0006
Dropout = 0.2 Dropout = 0.2 Dropout = 0.5 A.F.=ReLu 091 0.92 0.92 89.21
Pool Size = 3 Pool Size =3 Pool Size =2

4. Discussion

Applying optimization techniques on deep learning models has
demonstrated a slight but important improvement in
performance when comparing to existing results from trial-and-
error technique. When comparing these two learning methods,
LSTM comes into prominence in terms of performance due to the
capabilities of long-term dependencies. On the other hand, CNN
performed quite acceptable results and increased its
performance. Table 10 shows the best performances of each
hyperparameter optimization techniques applied on LSTM with
the model, optimized by trial-and-error technique.
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Even though the metric results of optimization techniques are all
close to each other, it must be pointed out that BO provided
completely different hyperparameters except activation function
in comparison to RS and GS, which they adjusted exactly the same
hyperparameters to get the ideal model. Due to the fact that BO
benefits the power of probabilistic modelling and Gaussian
process, it can implement the most ideal model with the
hyperparameters in the search space that other techniques are
not capable of. To conclude, all optimization techniques
performed better than trial-and-error technique to provide the
most ideal model of LSTM.
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Table 10. Best performances using hyperparameter optimizations applied on LSTM model.

Optimization Technique Hidden Layer Dropout Rate Learning Rate ?ﬁﬁggggn Precision Recall F1 Score Accuracy Loss
Bayesian Optimization 416 0.1 0.004 Softmax 0.93 0.95 0.94 92.82 0.06
Random Search 352 0.2 0.001 Softmax 0.94 0.95 0.94 92.49 0.06
Grid Search 352 0.2 0.001 Softmax 0.94 0.95 0.93 92.65 0.06
Trial-and-error 256 0.3 0.001 Softmax 0.88 0.89 0.88 87.94 0.09

Table 11 depicts the best performances of each hyperparameter
optimization techniques applied on CNN with the model,
optimized by trial-and-error technique. As aforementioned, GS
optimization could not be applied on CNN due to the fact that
there are a lot of hyperparameters, thus thousands of
combinations. The fact that GS performs an exhaustive search
and the limitations of the machine to run the code, the computer

could not handle the optimization. According to the results, it can
be found out that the performances of CNN models, adjusted by
BO and RS, showed close accuracy successes. BO comes into
prominence with a slight difference for providing the most ideal
model when comparing to RS technique. Both techniques,
however, showed better performances in comparison to trial-
and-error technique.

Table 11. Best performances using hyperparameter optimizations applied on CNN model.

Optimization Layer 1 Layer 2 Layer 3 Others Precision Recall F1 Score Accuracy  Loss

Technique
Filters = 224 Filters = 256 Filters = 256

Bayesian Kernel = 4 Kernel = 2 Kernel = 3 L.R.=0.0005

Optimization Dropout=0.3  Dropout=0.3 Dropout = 0.2 AF.=ReLu 0.90 0.94 0.92 8979 0.10
Pool Size = 2 Pool Size = 2 Pool Size =3
Filters = 128 Filters = 32 Filters = 256
Kernel = 3 Kernel = 2 Kernel = 2 L.R.=0.0006

Random Search Dropout = 0.2 Dropout = 0.2 Dropout = 0.5 AF.=ReLu 091 0.92 0.92 89.21 0.11
Pool Size =3 Pool Size =3 Pool Size = 2
Filters = 128 Filters = 128 Filters = 128

. Kernel = 3 Kernel = 3 Kernel = 2 L.R.=0.0001

Trial-and-Error Dropout = 0.3 Dropout = 0.3 Dropout=0.3 AF. = Softmax 0.80 0.88 0.84 84.33 0.12

Pool Size =3 Pool Size = 2 Pool Size = 2

5. Conclusion and Future Works

In this paper, we applied hyperparameter optimization
techniques of Random search, Grid search and Bayesian
optimization in order to adjust the learning models of LSTM and
CNN to detect defective expressions in Turkish sentences.
Previous studies showed that the hyperparameters of these
models have been adjusted using trial-and-error technique,
which requires an excessive time, knowledge and luck for
providing the most ideal model. However, hyperparameter
optimization techniques reduces this excessive spent time and
selects the best hyperparameter combination out of search space,
that has been created by each technique according to their own
background algorithm.

Bayesian optimization benefits the power of probabilistic
modelling and Gaussian process. Random search samples the
parameter combinations randomly and discovers good
configurations of hyperparameters in stochastic manner. Grid
search, on the other hand, performs an exhaustive search, which
guarantees the most ideal model; however, consumes an
excessive time and requires a powerful machine. After these
techniques are applied on learning models, both LSTM and CNN
models performed more accurate than the previous models
adjusted using trial-and-error technique.

This study contributes to Turkish NLP and is a great source for
the researchers who study this area. In future, a more powerful
machine must be considered for providing a larger search space
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using a wider hyperparameter interval, which will result higher
number of combinations to implement more ideal models. Since
more hyperparameters require more calculations, the number of
process increases dramatically, therefore regular computers
cannot handle and halts the process. What is more, this study can
be turned into an application and serviced to the students and
teachers who deals with Turkish education. Furthermore, this
application also be used in mass-media workers. They can check
their writings before publication whether there are any defective
expressions in their writings or not.
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