
BanglaAutoKG: Automatic Bangla Knowledge Graph
Construction with Semantic Neural Graph Filtering

Azmine Toushik Wasi	!, Taki Hasan Rafi	", Raima Islam	#, Dong-Kyu Chae	!

!Shahjalal University of Science and Technology, Bangladesh "Hanyang University, 
 #BRAC University, Bangladesh

LREC-COLING 2024 (Short Paper)

(Short Paper)



2

1. Background

What is Knowledge Graph?

Ø Knowledge Graphs (KGs) are semantic graphs consisting of large 
collections of factual entities and relations, which depict knowledge of 
real-world objects. 

Image Credit: Ontotext
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2. Motivation

However, there is no Knowledge Graph (KG) system available for Bangla 
language.

Reasons:
ü No KG research
ü Lack of comprehensive resources

§ No proper datasets
§ No universal language models like GPT-3 or BERT

ü No universal NER models
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Ø We develop a novel and universal automatic KG generation framework 
with semantic-filtered for Bangla language.

Ø We construct a universal KG by utilizing multilingual LLMs, pre-trained 
BERT based feature development and alignment within entities. We 
also develop a semantic filtering method to streamline KGs by 
removing unnecessary edges.

Ø Our model is able to construct Bengali KGs from texts effectively.

Contributions



5

3. Approach

To build the base KG from any given random Bangla text t, at first, we 
prompt in a multilingual LLM to find raw entities (𝒱ℴ).

Text

𝒕

Base Knowledge Graph Construction

(Any Random Bangla 
Text) 

!াধীনতা কে)পাওয়া
অেনকলড়াইকের
আমরা সবাইআজেক
!াধীন
7াস িনই9াণভের।

শপথ িনল >দেশরমানুষ
২৫েশমাচE রােত
সইেব না >দশঅতFাচার
আর
রাজাকােরর হােত।

---

Multilingual 
LLM-

Prompting

Entity Extraction

Entity 
Refining 

using Tags & 
Types

Inputs

𝒱ℴ
𝒱	

But, not all entities are perfect.
• Named entities are kept.
• Entities with max length more than N are removed.
Thus, we get the nodes (𝒱	).
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3. Approach

For constructing edges (ℰ),  

Base Knowledge Graph Construction

Multilingual 
LLM-

Prompting

Entity Extraction

Entity 
Refining 

using Tags & 
Types

𝒱ℴ
𝒱	

Relation 
Extraction 

(similarity in 
sentence, paragraph
 and entity type and 
prompt suggestion) ℰ

We extract relations of the entities by 
• Similarities in sentence and paragraph
• Similarity between entity types
• LLM suggestions

𝒕

(Any Random Bangla 

পাওয়া

আজেক

।

মানুষ

অতFাচার
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3. Approach

For getting node features (𝑋#),  

Base Knowledge Graph Construction

Multilingual 
LLM-

Prompting

Entity Extraction

Entity 
Refining 

using Tags & 
Types

Base 
Knowledge 

Graph
(𝒢ℴ)𝒱ℴ

𝒱	

Relation 
Extraction 

(similarity in 
sentence, paragraph
 and entity type and 
prompt suggestion)

Node Feature 
Development

(BERT-embeddings 
using word 

information from 
translation dictionary)ℰ

𝑋#

We extract BERT embeddings of the entities from their English translation 
using a translation dictionary and LLM output suggestion. 

Combining 𝒱	, ℰ and 𝑋#, we construct the base knowledge graph, 𝒢ℴ

𝒕

(Any Random Bangla 

পাওয়া

আজেক

।

মানুষ

অতFাচার
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3. Approach

But, as these node features are obtained from BERT, they have high noise 
and almost no correlation.

Multilingual 
-

Prompting

Entity Extraction

Entity 
Refining 

using Tags & 
Types

Base 
Knowledge 

Graph
(𝒢ℴ)

Feature Denoising 
using Self supervised 

Attention filters
𝒙𝒐 → 𝒙𝒅
(Eq.1)𝒱ℴ

𝒱	

Relation 
Extraction 

(similarity in 
sentence, paragraph
 and entity type and 
prompt suggestion)

Node Feature 
Development

(BERT-embeddings 
using word 

information from 
translation dictionary)ℰ

𝑋#

We apply a graph attention filter to enhance node 
features by addressing noise and lack of context in 
individual word-derived vectors, resulting in a 
refined graph 𝒢	 = 𝒱, ℰ, 𝑋𝒅	 .

𝑥%& = 𝛼%%𝑊'(𝑥%# + ∑)∈𝒩(%)𝛼%)𝑊'(𝑥)#

Base KG

𝒢	 = 𝒱, ℰ, 𝑋𝒅	
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3. Approach

As our Base KG is ready, it’s time for semantic filtering. 

Graph Neural Network-based Semantic Filtering

Topological Relation 
Extraction

𝒙𝒅 → 𝒙𝒕(Eq.2)

Local Relations 
Extraction

𝒙𝒅 → 𝒙𝒍(Eq.3)

Base KG

𝒢	 = 𝒱, ℰ, 𝑋𝒅	
𝒙𝒍𝒙𝒕
→ 𝒙	

First step of semantic filtering is Information Extraction. It involves re-
weighting edges based on topological and local information through 
attention-based graph convolutions.
• Topological Relation Extraction: Applies attention-based conv. to 

transform node features for topological relations within 𝒢 (𝑥& → 𝑥.).
𝑥"# = 𝑊$%

& ∑'∈𝒩(")∪{"}
𝑒',"

𝑑̂'𝑑̂"
𝑥'0
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3. Approach

Then comes Local Relation Extraction. 

Graph Neural Network-based Semantic Filtering

Topological Relation 
Extraction

𝒙𝒅 → 𝒙𝒕(Eq.2)

Local Relations 
Extraction

𝒙𝒅 → 𝒙𝒍(Eq.3)

Base KG

𝒢	 = 𝒱, ℰ, 𝑋𝒅	
𝒙𝒍𝒙𝒕
→ 𝒙	

• Local Relation Extraction: Utilizes spectral filtering to extract local 
neighborhood relations, enhancing KG construction through recursive 
feature transformations (𝑥& → 𝑥/).

𝑋/ = ∑0123 𝑍(0) ⋅ 𝑊45
(0)

Then we combine both topological and local feature representations to form 
a unified feature matrix 𝑋	 ( 𝑋 = 𝑋., 𝑋/ ), 
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3. Approach

Then comes Semantic Information Convolution.

Graph Neural Network-based Semantic Filtering

Topological Relation 
Extraction

𝒙𝒅 → 𝒙𝒕(Eq.2)

Local Relations 
Extraction

𝒙𝒅 → 𝒙𝒍(Eq.3)

Semantic 
Info based

Conv.
𝒙	 → 𝒉

(Eq.4,5)Base KG

𝒢	 = 𝒱, ℰ, 𝑋𝒅	
𝒙𝒍𝒙𝒕
→ 𝒙	

We apply attention-based convolution for final node feature extraction.

ℎ% = 𝛼𝑊6𝑥% + ∑)∈𝒩(%)𝛼%)𝑊6𝑥%
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3. Approach

Then comes removing less important edges and constructing the final KG.

OutputGraph Neural Network-based Semantic Filtering

Topological Relation 
Extraction

𝒙𝒅 → 𝒙𝒕(Eq.2)

Local Relations 
Extraction

𝒙𝒅 → 𝒙𝒍(Eq.3)

Semantic 
Info based

Conv.
𝒙	 → 𝒉

(Eq.4,5)

Removing 
Less 

Important 
Edges Final KGBase KG

𝑋𝒅	
𝒙𝒍𝒙𝒕
→ 𝒙	

𝒢'	 =
𝒱	, ℰ', 𝐻	

We use semantic feature similarity to eliminate redundant or less 
important edge, resulting in the final KG, 

𝒢7	 = 𝒱	, ℰ7, 𝐻	 .
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4. Case Studies

A Poem in Bangla:

!াধীনতা কে) পাওয়া
অেনকলড়াই কের
আমরা সবাইআজেক !াধীন
7াস িনই 9াণ ভের।

শপথ িনল >দেশর মানুষ
২৫েশ মাচE রােত
সইেব না >দশঅতFাচারআর
রাজাকােরর হােত।

উঠলJিনজয়বাংলার
পািকLানআর নয়
বাঙালীরা >ফলল মুেছ
9ােণর >থেকভয়।

নয় নটা মাস চলল লড়াই
!াধীন হল >দশ
উড়েছ সবুজ লাল পতাকা
>নইআজ খুিশর >শষ।
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4. Case Studies

Wikipedia article:

বাংলােদশজাতীয় ফুটবল দল হে0আ2জ3ািতক ফুটবেল
বাংলােদেশর 7িতিনিধ:কারী পু<ষেদরজাতীয় দল, যার
সকলকায 3@ম বাংলােদেশর ফুটবেলর সেব 3াB িনয়Cক
সংDা বাংলােদশ ফুটবল Eফডােরশন Gারা িনয়িCত হয়। এই
দলJট ১৯৭৬ সাল হেত ফুটবেলর সেব 3াB সংDা িফফার এবং
১৯৭৪ সাল হেত তােদরআPিলক সংDা এিশয়ান ফুটবল
কনেফডােরশেনর সদসQ িহেসেব রেয়েছ। ১৯৭৩ সােলর
২৬েশজলুাই তািরেখ, বাংলােদশ 7থমবােরর মেতা
আ2জ3ািতক Eখলায় অংশXহণ কেরেছ; মালেয়িশয়ার
কুয়ালালামপুেরঅনুJZত বাংলােদশ এবং থাইলQাে[র
মধQকার উ]মQাচJট ২–২ Eগােল ` হেয়েছ।

৩৬,০০০ ধারণbমতািবিশc বdবeু জাতীয় Efিডয়ােম
বাংলার বাঘ নােম পিরিচত এই দলJট তােদর সকল Eহাম
মQাচআেয়াজনকের থােক। এই দেলর 7ধান কায 3ালয়
বাংলােদেশর রাজধানী ঢাকার মিতiঝেলর বdবeু জাতীয়
Efিডয়ােমর িনকটবতk িবএফএফভবেনঅবিDত।
বত3মােন এই দেলর মQােনজােরর দািয়: পালনকরেছন
হািভেয়র কাবেররা এবং অিধনায়েকর দািয়: পালনকরেছন
কলকাতা Eমাহােমডােনর মধQমােঠর Eখেলায়াড়জামাল
ভূইয়া।
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6. Discussions and Insights

• Bengali-specific Text Encoders: Developing text encoders specifically 
tailored for Bengali could enhance the capabilities of language models 
in processing and generating Bengali text.

• Bengali Knowledge Graph Dataset: Building a comprehensive Bengali 
knowledge graph dataset across various domains would further 
strengthen the linguistic representation and capabilities of these 
models. 

• Future Work Focus: Future research may involve specialized training of 
these language models on old Bengali literature, including works by 
Rabindranath Tagore and other renowned authors. The goal is to 
improve understanding and generation of archaic Bengali linguistic 
styles.
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