e-ISSN : 0976-5166
p-ISSN : 2231-3850 Hay Man Oo et al / Indian Journal of Computer Science and Engineering (IJCSE)

DEEP NEURAL RANKING MODEL FOR
MYANMAR NEWS RETRIEVAL

Hay Man Oo

Natural Language Processing Lab, University of Computer Studies,
Yangon, Myanmar
haymanoo@ucsy.edu.mm

Win Pa Pa

Natural Language Processing Lab, University of Computer Studies,
Yangon, Myanmar
winpapa@ucsy.edu.mm

Aye Mya Hlaing

Natural Language Processing Lab, University of Computer Studies,
Yangon, Myanmar
ayemyahlaing@ucsy.edu.mm

Abstract

In the contemporary era dominated by Information Technology (IT), enabling users to effortlessly locate
and acquire knowledge on a myriad of topics according to their needs and interests. Searching for news
and updates in many different languages has become incredibly convenient, requiring minimal effort to
access a wealth of information. A large collection of data for the Myanmar news dataset that was collected
from Myanmar news webpages is introduced in this paper. In our dataset, each document contains two
parts: caption and contents. We delve deep into pivotal neural ranking models that have left an impact on
the field, investigating their implications for enhancing the precision and efficiency of retrieval systems.
Experimental result shows the superior performance of our model compared to baseline methods,
showcasing improvements in overall retrieval performance. The implications of our findings extend to
retrieve the similarity score results, highlighting the potential for enhanced information retrieval
capabilities.

Keywords: Neural information retrieval; Natural language processing; Relevance ranking; Neural ranking
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1. Introduction

In the contemporary era, we inhabit an age dominated by information, where individuals generate an
unprecedented volume of data, reaching into the quintillions of bytes daily. Within the domain of Information
Retrieval (IR) systems serve as efficient tools designed to swiftly retrieve necessary information from vast and
extensive data collections. Nevertheless, the exclusive emphasis on learning relevance patterns demands extensive
training data and still falls short in achieving robust generalization, particularly when faced with tail queries [1]
or unexplored search domains [2]. In this paper, we apply different neural network methods that apply Natural
Language Processing (NLP) and Deep Learning (DL) techniques to a collection of documents. For
experimentation and evaluation, we enriched Myanmar news dataset.

At the heart of IR lies the essential task of evaluating the relevance between a user's query and a document.
Contemporary IR systems have traditionally depended on bag-of-words retrieval models, wherein the number of
shared words between the query and the document is computed for relevance assessment. This streamlined
representation of natural language facilitates the retrieval system in swiftly scanning through vast collections of
millions or billions of documents, rendering large-scale retrieval feasible and efficient.

There has been a significant surge in interest and attention towards enhancing language understanding within
the realm of IR. Despite concerted efforts, the incorporation of advanced NLP techniques into retrieval has, for
the most part, yielded limited success. The focus of this dissertation is to enhance language comprehension in IR
through the utilization of neural networks. It centers on addressing two core challenges within IR: the
representation of textual content and the modeling of relevance. The discussion delves into the inherent difficulties
of these challenges, introduces innovative neural network methodologies to overcome them, and showcases the
effectiveness of these approaches in surpassing the limitations of earlier state-of-the-art retrieval systems.
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2. Myanmar News Datasets

2.1. Data-collection

Due to the lack of a large dataset for the retrieval task on Search Engine, we decided to develop a large Myanmar
news dataset containing 118,486 documents composed in Myanmar Unicode font collected from the Myanmar
news webpages. Types of news are Health, Sport, Entertainment, Political and Economic. Each document consists
of two parts: caption and contents. Table 1 shows collections of the Myanmar news dataset.

Number of documents Number of sentences Number of words
118,486 54,634,415 1,283,260,155

Table 1. Statistics of Myanmar news dataset.

2.2. Data pre-processing

Textual data is unstructured and contains noisy tokens or stop words, which need to be cleaned to improve their
quality and usefulness for training deep learning models. Data pre-processing methods prepare data for further
processing, verify its integrity and consistency, reduce data noise, fill in missing values, and structure it in
databases. To facilitate data cleaning, we prepared the following stages: Word Segmentation and Stop Word
Removal.

2.1.1. Word-segmentation

The foundational task in natural language processing is word segmentation. This procedure involves breaking
down text into individual words and sentences, where the objective is to identify word tokens and sentence
boundaries. While English word boundaries are easily defined, the same does not hold true for Myanmar.
Myanmar word boundaries often lack spacing within sentences, making it challenging to discern individual words.
Hence, in the context of IR, effective word segmentation proves invaluable for navigating sentences and word
tokens. To fulfill this objective, we employed the Myanmar word segmentation tool developed by the University
of Computer Studies, Yangon (UCSY) [3]. Examples of word segmentation are additionally illustrated in Table
2. During the pre-processing stage, the significance of word segmentation is heightened, particularly in the context
of IR evaluation.
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Table 2. Example of word segmentation.

2.1.2. Stop-word removal

The aim of stop word removal is to filter out words that are prevalent in the majority of documents. In Myanmar,
stop words encompass §, 25, ¢, ¢, $¢, 3, 60, 65, 05, q3, 05, Al ™, gpz, 03, 3¢, etc. Illustrations of Myanmar stop

words removal are also presented in Table 3, the Myanmar stop words we removed are “ogé, 3 qps, 6o, (7% 0,

3203¢E: 65, g 20pd, ™, s¢", etc. This stage holds significant importance in the pre-processing techniques applied
in NLP methods.
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Table 3. Example of stop-word removal.

3. Deep Neural Ranking Model For Myanmar News Retrieval

Many neural ranking models have been proposed primarily to solve IR tasks. Several approaches to ranking are
based on traditional machine learning algorithms using a set of hand-crafted features. Recently, researchers have
leveraged deep learning models in IR. These models are trained end-to-end to extract features from the raw data
for ranking tasks, so that they overcome the limitations of hand-crafted features. A variety of deep learning models
have been proposed, and each model presents a set of neural network components to extract features that are used
for ranking [4]. Developing efficient and effective retrieval models has always been at the core of IR [5]. Modern
search engines use a multi-stage cascaded architecture for ranking documents in response to each query [6].
Deep neural networks play a pivotal role in advancing the capabilities of IR systems, enabling them to deliver
more accurate, relevant, and personalized results to users across various domains and applications. Ranking
models are the main components of IR systems. In this paper, we have applied the following ranking models:
Deep Relevance Matching Model (DRMM) [7], Match-Pyramid (MP) [8], Duetl [9], Kernelized Neural Ranking
Model (KNRM) [1], Position-Aware Convolutional Recurrent Relevance (PACRR) [10], Convolutional
Kernelized Neural Ranking Model (CONV-KNRM) [2], MatchZoo-CONV-KNRM (MZ-CONV-KNRM) [11].

3.1. Deep relevance matching model (DRMM)

DRMM [7] is a neural model designed for document ranking. It focuses on modeling the interaction between
query terms and document terms using a histogram-based approach. It is known for its effectiveness in capturing
local term-matching patterns. It represents documents and queries as term frequency histograms and computes a
relevance score.
match(T1,T2) = F(®(T1), ®(T2)). @)

where two texts T1 and T2, the degree of matching is typically measured as a score produced by a scoring
function based on the representation of each text, where @ is a function to map each text to a representation
vector, and F is the scoring function based on the interactions between them. Such a text matching problem is
considered general since it also describes many NLP tasks as in Eq. (1).

3.2. Match-pyramid (MP)

MP [8] is a neural model that encodes both the query and document as matrices and computes their similarity
through keep consistency: Convolutional Neural Network (CNN). It is effective at capturing local and global
matching patterns between queries and documents. It converts text into matrices and applies convolutions to find
matching patterns.

Mij = w; ® vj. (2)

Matching Matrix is a two-dimension structure where each element M;; denotes the similarity between the ith
word w; in the first piece of text (user query) and the jt"* word v; in the second piece of text (documents), where
® stands for a general operation to obtain the similarity as in Eq. (2).
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3.3. Duetl

Duetl [9] is a novel document ranking model composed of two separate deep neural networks, one that matches
the query and the document using a local representation, and another that matches the query and the document
using learned distributed representations. The two networks are jointly trained as part of a single neural network.
This combination or ‘duet’ performs significantly better than either neural network individually on a Web page
ranking task, and also significantly outperforms traditional baselines and other recently proposed models based
on neural networks.

where both the query and the document are considered as ordered list of terms, @ = [qy,...,qnq ] and D =
[dy,...,dnq ]- Each query term q and document term d is an m x 1 vector where m is the input representation
of the text (e.g. the number of terms in the vocabulary for the local model) as in Eq. (3).

3.4. Kernelized neural ranking model (KNRM)

KNRM [1] is a neural ranking model that uses a CNN to learn term-to-term matching signals and applies a
kernelized function to measure the importance of terms in the matching process. A CNN learns the matching
signals between these terms. Then, kernelized functions measure the importance of these matching signals.
KNRM uses CNN to learn matching signals between query and document terms. It then applies kernelized
functions to measure the importance of terms in the matching process.

KNRM = ZiL=1 Z§=1 fkernel(qi' d]’) * SOft - TF(qi) * SOft - TF(di) (4)

where L represents the number of terms in the query, J is the number of terms in the document, g; and d;

denote the embeddings of the i*" term in the query and j* term in the document, respectively. Additionally,
frerner 18 a kernel function assessing the similarity between terms as in Eq. (4).

3.5. Position-aware convolutional recurrent relevance (PACRR)

PACRR [10] is a neural model that combines convolutional and recurrent neural networks to capture hierarchical
matching patterns between queries and documents. It is known for its ability to capture positional information.
Visualize a hierarchical structure where term pairs are compared at different levels. Convolutional and recurrent
layers analyze these pairs while considering their positions in the text. PACRR combines convolutional and
recurrent neural networks to capture hierarchical matching patterns. It considers both term similarity and term
position in the document.

L(q,d*,d™;0) = max(0,1 — rel(q,d*) + rel(q,d™)) %)

where a query ¢, relevant document d*, and non-relevant document d~, minimizing a standard pairwise max
margin loss as in Eq. (5).

3.6. Convolutional kernelized neural ranking model (CONV-KNRM)

CONV-KNRM [2] is an extension of KNRM that incorporates convolutional layers to better model term
interactions. It uses CNN to capture multi-level matching patterns. An extension of KNRM with convolutional
layers added. These convolutional layers capture more intricate matching patterns between terms. CONV-KNRM
extends KNRM by incorporating convolutional layers. This allows it to capture multi-level matching patterns in
text.

f(q,d) = tanh(w; @(M) + b;) (6)
The learning-to-rank (LeToR) layer combines the soft-TF ranking features @(M) into a ranking score. w,
and b, are the linear ranking parameters to learn. |w,. | = |@(M)]| and |b,| = 1. tanh() is the activation function

asin Eq. (6).

3.7. MatchZoo-CONV-KNRM (MZ-CONV-KNRM)

MatchZoo is a framework for text-matching tasks, including IR. Models like MZ-KNRM and MZ-CONV-KNRM
[11] are specific implementations of KNRM and CONV-KNRM within the MatchZoo framework, making them
easy to use. We can easily adapt and experiment with these models for various IR tasks.
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4. Fine-Tuned Model

Language model pre-training has been shown to be effective in improving many NLP tasks [12]-[15]. These
include sentence-level tasks such as natural language inference [16], [17] and paraphrasing [18], which aim to
predict the relationships between sentences by analyzing them holistically, as well as token-level tasks such as
named entity recognition and question answering, where models are required to produce fine-grained output at
the token level [19], [20]. There are two existing strategies for applying pre-trained language representations to
downstream tasks: feature-based and fine-tuning. The feature-based approach, such as ELMo [21], uses task-
specific architectures that include the pre-trained representations as additional features. The fine-tuning approach,
such as the Generative Pre-trained Transformer (OpenAI GPT) [15], introduces minimal task-specific parameters,
and is trained on the downstream tasks by simply fine-tuning all pre-trained parameters.

In this paper, we improve the fine-tuning-based approaches by applying BERT: Bidirectional Encoder
Representations from Transformers. BERT is conceptually simple and empirically powerful. For this research,
we used a fine-tuned model, VANILLA-BERT [22], aiming to improve performance scores. Fine-tuning is
straightforward since the self-attention mechanism in the Transformer allows BERT to model many downstream
tasks— whether they involve single text or text pairs—by swapping out the appropriate inputs and outputs. For
applications involving text pairs, a common pattern is to independently encode text pairs before applying
bidirectional cross attention [23], [24].

BERT(X) = Transformer(Embeddings(X)) 7

where BERT (X) represent the output embedding for the input sequence X, X can be a concatenation of a
query and a document, Embeddings(X): This involves converting the input tokens into embedding.
Transformer(): This refers to the transformer architecture, which consists of multiple layers of self-attention
and feedforward mechanisms as in Eq. (7).

5. Evaluation Metrics

We used MAP, MRR, P@1, and P@3 evaluation metrics to assess the performance of IR systems by comparing
their retrieved results to the ground truth relevance assessments. These metrics are commonly used in IR
evaluation to assess the quality of ranking systems. Higher values for these metrics indicate better-performing
systems. These performance metrics are commonly used for evaluating neural networks in IR and
recommendation tasks: MAP (Mean Average Precision), MRR (Mean Reciprocal Rank), P@]1 (Precision at 1),
and P@3 (Precision at 3). These equations provide a quantitative measure of the performance of a ranking system
based on different aspects such as precision, average precision and reciprocal rank. They are used in IR to assess
the quality of ranked lists of documents. Evaluation metrics results ranges from O to 1.

6. Experiments and Results

In this work, we trained different deep neural rankings models on the Myanmar news dataset as mentioned in
Section 2. The detailed information of the Myanmar news dataset is presented in Table 4. We applied the DRMM
[7], MP [8], Duetl [9], KNRM [1], PACRR [10], CONV-KNRM [2], MZ-CONV-KNRM [11] models in advance
datasets.

Number of documents Number of sentences Number of words
Training Set 90,607 47,964,418 1,122,242,776
Testing Set 13,940 3,784,204 93,569,044
Validation Set 13,939 2,885,793 67,448,335

Table 4. Statistics of training, testing and validation the Myanmar news dataset.

The results obtained from the experiments can be seen in Fig. 1-4. The comparisons of neural ranking
performance on the Myanmar news dataset are illustrated in the following figures: Fig. 1 shows the performance
measured by MAP, Fig. 2 shows the performance measured by MRR, Fig. 3 shows the performance measured by
P@]1, and Fig. 4 shows the performance measured by P@3. It can be observed that CONV-KNRM performs
better than other neural ranking models. This demonstrates the versatility and adaptability of CONV-KNRM in
addressing the retrieving task across various contexts and the similarity scores of different deep neural ranking
models using the Myanmar news dataset.
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Fig. 1. Comparison of neural ranking performance on the Myanmar news dataset measured by MAP
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Fig. 2. Comparison of neural ranking performance on the Myanmar news dataset measured by MRR
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Fig. 3. Comparison of neural ranking performance on the Myanmar news dataset measured by P@1
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Fig. 4. Comparison of neural ranking performance on the Myanmar news dataset measured by P@3

The best neural ranking model “CONV-KNRM” has been used as a baseline model for our research work. The
comparison was done between the fine-tuned ranking model and CONV-KNRM. During fine-tuning, we applied
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VANILLA-BERT fine-tuned model to improve the performance of ranking.

Ranking and fine-tuned models MAP MRR P@1 P@3
CONV-KNRM 0.1439 0.4066 | 0.3150 0.2450
VANILLA-BERT 0.1472 0.4415 | 0.3700 0.2433

Table 5. Comparison of performance on CONV-KNRM and fine-tuned model on the Myanmar news dataset measured by evaluation
metrics.

Ranking and fine-tuned models MAP MRR P@1 P@3
CONV-KNRM 0.2031 0.5902 | 0.4800 0.3717
VANILLA-BERT 0.2801 0.7101 | 0.5950 0.4967

Table 6. Comparison of performance on CONV-KNRM and fine-tuned model on the Antique news dataset measured by evaluation
metrics.

As in Table 5, fine-tuning using VANILLA-BERT is found to be better than CONV-KNRM in all evaluation
metrics except P@3 on the Myanmar news dataset. Specifically, the MRR results were 0.4066 and 0.4415, which
is the best statistically significant difference score results on other evaluation metrics (MAP, P@1 and P@3),
whereas for CONV-KNRM and VANILLA-BERT. As this result, we studied that the score results are
significantly different in MAP and MRR because MAP measures the average precision at different recall levels,
providing an overall assessment of a ranking model's ability to retrieve relevant items across the entire list and
MRR calculates the average of the reciprocal ranks of the first relevant items in the ranked lists, emphasizing the
model's effectiveness in placing relevant items high in the list.

As in Table 6, the Antique datasets [25] is also used to see the clear performance of our ranking model in the
experiments. The Antique datasets consists of 89M questions and answers—pair datasets collection. According to
our experiments and results, we observed that the fine-tuned model outperforms CONV-KNRM with the best
score 0of 0.4415 in the Myanmar news dataset and 0.7101 in the Antique dataset in terms of MRR. It can be clearly
seen in Tables 5 and 6 that the fine-tuned model achieved better performance than the CONV-KNRM on the
Myanmar news dataset, specifically, 0.0349 MRR value higher than the CONV-KNRM, and the fine-tuned model
achieved better performance than the CONV-KNRM on the Antique dataset, specifically, 0.1199 MRR value
higher than the CONV-KNRM. The experimental results provide interesting results while comparing the
performance of different deep neural rankings on the Myanmar news dataset. The results suggest that the choice
of fine-tuned technique can significantly impact the performance of the deep neural ranking models.

7. Conclusion

This paper focused on Information Retrieval (IR) for the Myanmar news dataset which contained caption and
contents. Different experiments have been conducted, with a wide variety of fine-tuned models and deep neural
ranking models. It was observed that the best-performing model is VANILLA-BERT, fine-tuned in this work.
The statistical significance of the superior performance has been confirmed by comparing the results of the
baseline CONV-KNRM and the fine-tuned model on the Myanmar news and Antique datasets. Our experiments
also indicate that the use of fine-tuning techniques can result in significant improvements in the performance of
deep neural ranking models for different datasets. The experiment results suggest that fine-tuning approach can
potentially be extended to other retrieval applications. Concerning further research as future work, it would be
interesting to investigate the effect of adding more features to the textual data. This study adds valuable insights
to the ongoing discussions within the field, paving the way for future research endeavors aimed at optimizing
models to address a spectrum of challenges in IR.
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