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Some Facts

Source: https://takelessons.com/blog/language-facts-z14
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Some Facts
● How many facts (from above slides) already you 

knew ?.
● Do you have any interesting facts about 

languages (e.g. Indian languages) to share ?.

Image source: 
https://en.wikipedia.org/wiki/List_of_languages_by_number_of_native_speakers_in_Ind
ia#/media/File:Language_region_maps_of_India.svg

source: 
http://content.time.com/time/world/article/0,8599,1964610,00.html



Multilinguality
● The ethnologue.com website lists over 7000 languages in the world.

The geographical pattern of the major languages of the world. 
Source: https://en.wikipedia.org/wiki/Template:Distribution_of_languages_in_the_world

https://www.ethnologue.com


Need for Language Resource

● Wikipedia has texts in 313 languages.
● Natural language technology development depends on 

large numbers of language resources (text / speech).
● Lack of language resources affects the development of 

natural language technologies.



Resource
● OdiEnCorp2.0 (Odia-English parallel corpus)
● OdiEnCorp 1.0 (Odia-English parallel and Odia 

monolingual corpus)
● Odia Treebank
● Hindi Visual Genome 1.1 (English to Hindi Multimodal 

dataset)
● Malayalam Visual Genome 1.1 (English to Malayalam 

Multimodal dataset)
● Bengali Visual Genome 1.0 
● Hausa Visual Genome 1.0
● English->Hindi Machine Translation System
● Odia-NLP-Resource-Catalog

https://github.com/shantipriyap/Odia-NLP-Resource-Catalog
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Supervised Autoencoder
https://github.com/idiap/sae_lang_detect

http://hdl.handle.net/11234/1-3211
http://hdl.handle.net/11234/1-2879
http://hdl.handle.net/11234/1-2879
https://github.com/UniversalDependencies/UD_Odia-ODTB/tree/dev
https://lindat.mff.cuni.cz/repository/xmlui/handle/11234/1-3267
https://lindat.mff.cuni.cz/repository/xmlui/handle/11234/1-3267
https://lindat.mff.cuni.cz/repository/xmlui/handle/11234/1-3533
https://lindat.mff.cuni.cz/repository/xmlui/handle/11234/1-3533
https://lindat.mff.cuni.cz/repository/xmlui/handle/11234/1-3722
https://lindat.mff.cuni.cz/repository/xmlui/handle/11234/1-4749
https://lindat.mff.cuni.cz/services/transformer/
https://github.com/shantipriyap/Odia-NLP-Resource-Catalog


Overview

● Natural language processing (NLP) helps computers 
communicate with humans in their own language and 
scales other language-related tasks.

● NLP makes it possible for computers to read text, 
hear speech, interpret it, measure sentiment and 
determine which parts are important.
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Deep Learning in NLP 
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∙ A machine learning subfield of learning representations of data. 
∙ Exceptionally effective at learning patterns.
∙ Deep learning algorithms attempt to learn (multiple levels of) representation  by using a hierarchy of multiple layers.
∙ If you provide the system tons of information, it learns to respond in useful ways.

https://www.xenonstack.com/blog/static/public/uploads/media/machine-learning-vs-deep-learning.png



NLP in Daily Life

● Personal assistants: Siri, Cortana, and Google 

Assistant.

● Auto-complete: In search engines (e.g. Google).

● Spell checking: Almost everywhere, in your browser, 

your IDE (e.g. Visual Studio), desktop apps (e.g. 

Microsoft Word).

● Machine Translation: Google Translate.

● Chat bots.



Why NLP is difficult ?
● Natural language is highly ambiguous.
● Words can have several meanings and 

contextual information is necessary 
to correctly interpret sentences.

● Syntactic analysis (syntax) and 
semantic analysis (semantic) are the 
two primary techniques that lead to 
the understanding of natural 
language. Figure: An illustration of two meanings of the word “penalty” exemplified with two images



Text Classification
● Text classification is a task of NLP where the model needs to predict the classes of the text documents.
● In the traditional process, we are required to use a huge amount of labelled data to train the model, and also they can’t predict 

using the unseen data. 
● Adding zero-shot learning with text classification has taken NLP to the extreme.
● Zero-shot text classification technique classify the text documents without using any single labelled data or without having seen 

any labelled text.

Zero-shot Text Classification (EN) Zero-shot Text Classification (OD)

https://huggingface.co/zero-shot/

https://huggingface.co/zero-shot/


Named Entity Recognition

● Named entity recognition is a natural language processing technique that can 
automatically scan entire articles and pull out some fundamental entities in a text and 
classify them into predefined categories.

● Entities can be: Organizations, Quantities, Monetary values, Percentages, People’s 
names, Company names, Geographic locations (Both physical and political), Product 
names, Dates and times, Amounts of money,Names of events.

 

GPE: Geopolitical Entity (countries, cities, states), CARDINAL: number



Topic Modelling
● What is Topic Modelling ?.

○ Topic modeling is a statistical modeling approach to discover the abstract “topics” occurs in a 
collection of documents. 

● Types of Topic Modeling
○ Unsupervised, and Semi-supervised

● . Application of Topic Modeling
○ text mining, text classification, machine learning, information retrieval, and recommendation 

engines.

Fig: Topic Modeling



Language Model
● Language modeling is the task of predicting the next word in a sentence, given all previous words.
● It is an effective task for using unlabeled data to pretrain neural networks in NLP.
● Language models capture general aspects of the input text that is almost universally useful. 



BERT
● BERT  is an open-sourced NLP pre-training model 

developed by researchers at Google in 2018.
● BERT trains a language model that takes both the 

previous and next tokens into account when 
predicting.

● BERT uses the Transformer architecture for encoding 
sentences.

● BERT uses wordpieces (e.g. playing -> play + ##ing) 
instead of words.

● BERT is pre-trained on a large corpus of unlabelled 
text which includes the entire Wikipedia (that’s 
about 2,500 million words) and a book corpus (800 
million words).

Transformer Model



Transformer Model
Self-Attention 

● Can you figure out what the term “it” 
in this sentence refers to? 

● Is it referring to the street or to the 
animal? It’s a simple question for us 
but not for an algorithm. 

● Self-attention allows the model to look 
at the other words in the input 
sequence to get a better 
understanding of a certain word in the 
sequence. 



BERT (Attention)
● In BERT, an attention mechanism lets each 

token from the input sequence (e.g. 
sentences made of word or subwords tokens) 
focus on any other token.

● The word “it” attends to every other token 
and seems to focus on “street” and “animal”.

● BERT uses 12 separate attention mechanism 
for each layer.

Visualization of attention values on layer 0 head #1, for the token “it”.



How BERT Works ?
Two strategies:

● Mask Language Model (MLM) 
● Next Sentence Prediction (NSP)

Mask Language Model (MLM) 
● BERT randomly masks words in the sentence and predicts them.
● Before feeding word sequences into BERT, 15% of the words in each sequence are replaced with a [MASK] 

token.
● The model then attempts to predict the original value of the masked words, based on the context provided 

by the other, non-masked, words in the sequence.



How BERT Works ?
Next Sentence Prediction (NSP) 
● In the training process, the model receives pairs of sentences as input and learns to predict if the second sentence in the 

pair is the subsequent sentence in the original document. 
● Let’s consider two sentences A and B, is B the actual next sentence that comes after A in the corpus, or just a random 

sentence? For example:



Text Summarization
● Automatic text summarization aims to transform lengthy 

documents into shortened versions, something which could be 
difficult and costly to undertake if done manually. 

● Two major approaches for automatic summarization are: 
extractive and abstractive.

●  The extractive summarization approach produces summaries 
by choosing a subset of sentences in the original text.

● The abstract text summarization approach aims to shorten 
the long text into a human readable form that contains the 
most important fact from the original text



Machine Translation 
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● Automatic conversion of text/speech from one natural language to another.

● Machine translation approaches:
○ Grammar-based

■ Interlingua-based
■ Transfer-based

● Direct
○ Example-based
○ Statistical
○ Neural

Source 
Language

Target
Language



Machine Translation 
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● Modeling the machine translation using neural  networks.
● Encoder for convert the input to a compact  continuous representation.
● Decoder for language generation in target language.

Neural Machine Translation

   

ODIANLP Team@WAT2020



Case 1 - Corpus Development
● Corpus (plural corpora) : A collection of 

linguistic data, either compiled as written texts 
or as a transcription of recorded speech.

● A corpus can be made up of everything from 
newspapers, novels, recipes and radio broadcasts 
to television shows, movies and tweets.

● In NLP, a corpus contains text and speech data 
that can be used to train AI and machine 
learning systems.

● Generally, the larger the size of a corpus, the 
better (prioritize quantity over quality).



Corpus - How to Build ?
● Data Collection

○ Data type
■ Text/Image/Speech/Video

○ Identify source
■ Web, Social Media, Books, Recordings

○ Web scraping 
■ Identify URLs (e.g. language, text, tags)

○ Bots
○ Optical Character Recognition (OCR)
○ Extract data 

■ tools: Python, BeautifulSoup
● Data Processing

○ segmentation, alignment
■ Purnaviram, Hunalign

● Finalization and Release
○ Split train/dev/test set
○ Baseline
○ License
○ Release platform
○ Share/organize shared task

■ WMT, WAT, ICON, etc...

Image source: 
https://medium.com/analytics-vidhya/web-scraping-and-coursera-8db6af45d83f 

Image source: Image source: 
https://medium.com/states-title/using-nlp-bert-to-improve-ocr-accuracy-385c98ae174c 



Sample (OdiEnCorp)

● Data extracted from other 
online resources.

● Data extracted from Odia 
Wikipedia.

● Data extracted using Optical 
Character. Recognition 
(OCR).

● Data reused from existing 
corpora.



Sample (OdiEnCorp)
- Data Processing

● Extraction of plain text.
○ Python script to scrape plain text from HTML page. 

● Manual processing.
○ Correction of noisy text extracted using OCR-based approach. 

● Sentence segmentation.
○ Paragraph segmented into sentences based on English full stop 

(.) and Odia Danda (|) or Purnaviram.
● Sentence alignment.

○ Manual sentence alignment for Odia Wikipedia articles where 
text in two language are independent of each other.

Availability
OdiEnCorp   2.0   is   available   for   research   and   non-commercial  use  under  a  Creative  Commons  Attribution-NonCommercial-ShareAlike 4.0 
License, CC-BY-NC-SA at :

http://hdl.handle.net/11234/1-3211

Dataset Statistics.



Case 2 - OdiaTreebank

The Odia Treebank available for research at:https://github.com/UniversalDependencies/UD_Odia-ODTB/tree/dev



Case 3 - BertOdia

● Building a language model is a challenging task in the case of low resource languages where the availability 
of contents is limited.

● We focus on building a general language model using the limited resources available in the low resource 
language which can be useful for many language and speech processing tasks.

● Our key contribution includes building a language-specific BERT model for this low resource Odia language 
and as per our best knowledge, this is the first work in this direction.

Overview



Case 3 - BertOdia

● Building a language model is a challenging task in 
the case of low resource languages where the 
availability of contents is limited.

● We focus on building a general language model 
using the limited resources available in the low 
resource language which can be useful for many 
language and speech processing tasks.

● Our key contribution includes building a 
language-specific BERT model for this low resource 
Odia language and as per our best knowledge, this is 
the first work in this direction.

Source Sentences Unique Odia tokens 

OdiEnCorp2.0 97,233 1,74,045

CVIT PIB 58,461 66,844

CVIT MKB 769 3,944

OSCAR 1,92,014 6,42,446

Wikipedia 82,255 2,36,377

Total Deduped 430,732 11,23,656

Table . Dataset statistics.

Fig: The Proposed Model: Visualisation of an our experimental model used for the Single 
Sentence Classification Task with Bert Embedding Layers.

Data and Model



Case 3 - BertOdia

Parameter BERT RoBERTa

Learning Rate 5e-5 5e-5

Training Epochs 5 10

Dropuout Prob 0.1 0.1

MLM Prob 0.1 0.2

Self attention layer 6 6

Attention head 12 12

Hidden layer size 768 768

Hidden layer Activation gelu gelu

Total parameters 84M 84M

Model Text Classification Accuracy 

BertOdia 96.0

RoBERTaOdia 92.0

ULMFit 91.9

Table 3. BertOdia Performance

Table 2. Training Configurations

BERT/RoBERTa Model Training



Case 3 - BertOdia
Model Article Genre Classification Cloze-Style multiple-choice QA

XLM-R 97.07 35.98

mBERT 69.33 26.37

IndicBERT base 97.33 39.32

IndicBERT large 97.60 33.81

BertOdia 96.90 23.00

Table:  Comparison of BertOdia with IndicBERT. BertOdia was trained on 6% of the data of IndicBERT.

● For the Cloze-style Multiple-choice QA task, 
we feed the masked text segment as input 
to the model and we fine-tune the model 
using cross-entropy loss.

● For the Article Genre Classification task we 
used the IndicGLUE dataset for news 
classification. 

● The code and dataset are available at:

https://colab.research.google.com/gist/satyapb2002/aeb7bf9a686a9c7294ec5725ff53fa49/odiabert_languagemodel.ipynb

IndicGlue Task

https://colab.research.google.com/gist/satyapb2002/aeb7bf9a686a9c7294ec5725ff53fa49/odiabert_languagemodel.ipynb


Mini-project
Odia Dialect Corpus

Link: https://odisha-ml.github.io/mini-projects/mp10/readme/

Problem Statement

As the written text follows the same Odia script, how to distinguish different dialects for many NLP applications (e.g. 
automatic identification of language for machine translation, text categorization) for different services. Can machine 
learning techniques help to solve this ?.

https://odisha-ml.github.io/mini-projects/mp10/readme/


Q&A
Contact information:

● Twitter: @Shantipriyapar3
● Web : shantipriya.me
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http://shantipriya.me


Thank you


