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1. Background

What is Knowledge Graph?

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

N

Image Cr_ | Unlojext

DATA NI
INTZLLIG=NC= 2
LAB




2. Motivation

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

Reasons:
v" No KG research
v' Lack of comprehensive resources
= No proper datasets
= No universal language models like GPT-3 or BERT
v" No universal NER models
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Contributions

> We develop a novel and universal automatic KG generation framework
with semantic-filtered for Bangla language.

> 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.

» Our model is able to construct Bengali KGs from texts effectively.
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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 (1,,).
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3. Approach

For constructing edges (£),

Base Knowledge Graph Construction
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3. Approach

For getting node features (X°),

Base Knowledge Graph Construction
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P R e s |
- We extract BERT embeddings of the entities from their English translation

T E using a translation dictionary and LLM output suggestion.
i Combining V, £ and X°, we construct the base knowledge graph, G,
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3. Approach

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

Entity Extraction Relation Node Feature . /
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N g v ? . . Graph X =X !
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features by addressing noise and lack of context in
6 =wexe) | Individual word-derived vectors, resulting in a

""""" refined graph G = (V,€,X%).
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3. Approach

As our Base KG is ready, it's time for semantic filtering.
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x? > x}(Eq.3)

Graph Neural Network-based Semantic Filtering

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 (x4 — x?t).
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3. Approach

Then comes Local Relation Extraction.
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(
Topological Relation

Base KG

G =ex1) L

Extraction
x? > x%(Eq.2)

Local Relations
Extraction
x? > x}(Eq.3)

Graph Neural Network-based Semantic Filtering

——————————————————————————————————

. Local Relation Extraction: Utilizes spectral filtering to extract local
neighborhood relations, enhancing KG construction through recursive

d

feature transformations (x4 — x!).

x! = Z£=1Z(k) .

(k)
NR

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.
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Topological Relation

Base KG
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We apply attention-based convolution for final node feature extraction.
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Graph Neural Network-based Semantic Filtering

hy = aWsx; + Y jen i) @ijWsx;
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3. Approach

Then comes removing less important edges and constructing the final KG.
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Graph Neural Network-based Semantic Filtering Output

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

Gr =(V.&.H).
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4. Case Studies

A Poem in Bangla:
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4. Case Studies

Wikipedia article:
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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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