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Abstract

Knowledge Graphs (KGs) have proven essential in information processing and reasoning applications because
they link related entities and give context-rich information, supporting efficient information retrieval and knowledge
discovery; presenting information flow in a very effective manner. Despite being widely used globally, Bangla
is relatively underrepresented in KGs due to a lack of comprehensive datasets, encoders, NER (named entity
recognition) models, POS (part-of-speech) taggers, and lemmatizers, hindering efficient information processing
and reasoning applications in the language. Addressing the KG scarcity in Bengali, we propose BanglaAutoKG,
a pioneering framework that is able to automatically construct Bengali KGs from any Bangla text. We utilize
multilingual LLMs to understand various languages and correlate entities and relations universally. By employing a
translation dictionary to identify English equivalents and extracting word features from pre-trained BERT models, we
construct the foundational KG. To reduce noise and align word embeddings with our goal, we employ graph-based
polynomial filters. Lastly, we implement a GNN-based semantic filter, which elevates contextual understanding and
trims unnecessary edges, culminating in the formation of the definitive KG. Empirical findings and case studies
demonstrate the universal effectiveness of our model, capable of autonomously constructing semantically enriched
KGs from any text. Data and code are available here: https://github.com/azminewasi/BanglaAutoKG.
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1. Introduction

Knowledge Graphs (KGs) are semantic graphs
consisting of large collections of factual entities
and relations, which depict knowledge of real-
world objects. KGs provide well-organized hu-
man knowledge for applications like search en-
gines (Xiong et al., 2017), recommendation sys-
tems (Wang et al., 2018; Park et al., 2022), and
question answering (Bao et al., 2016). KGs have
been instrumental in enabling efficient information
retrieval and knowledge discovery by connecting
related entities and providing context-rich informa-
tion by covering domains like entity typing (Xu and
Barbosa, 2018; Ren et al., 2016), entity linking
(Ganea and Hofmann, 2017; Le and Titov, 2018)
and relation extraction (Zeng et al., 2015; Zhou
et al., 2016).

Automatic KG generation is important because
it reduces the need for large labeled datasets, en-
ables transfer learning, and provides explanations
(Zhang et al., 2023). Currently, KG construction
involves manual effort and is time-consuming, hin-
dering its application in certain situations. Au-
tomating this process would benefit small organi-
zations and improve the state of the art in con-
structing KGs from text (Khorashadizadeh et al.,
2023). Automatic KG generation that utilizes prob-
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abilistic methods such as RIBE (Peng et al., 2019)
or employs neural networks based on embeddings
for e.g. NetTaxo (Shang et al., 2020) and SSE
(Guo et al., 2015) are such benchmark works done
for identifying entity relationships.

While KGs have seen a lot of advancement in
the field of NLP, it is yet to gain traction in Bangla
due to its limited resources. It is the sixth most
spoken language in the world, with almost 300 mil-
lion speakers. Though there are some prominent
works on Bangla language like BanglaBERT (Bhat-
tacharjee et al., 2022), BanglaT5 and BanglaNLG
(Bhattacharjee et al., 2023); but they cannot be
applied universally, as the datasets used such as
SentNoB (Islam et al., 2021), a discourse mode
detection dataset (Sazzed, 2022) and BanglaRQA
(Ekram et al., 2022) are limited and not universal,
comparing to the task required. Connecting ev-
erything, lack of comprehensive resources in the
Bengali language, including a Bangla KG dataset
and a methodology for KG development, is com-
pounded by the absence of a universal dataset.
Such a universal dataset should encompass a
wide array of textual contexts, such as blogs, news,
Wikipedia, poems, stories, personal writings, and
memoirs for universality. Moreover, the current
limitations in encoders and NER (Named Entity
Recognition) models pose challenges in encoding
diverse text effectively and recognizing entities and
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Figure 1: The overall framework of our BanglaAutoKG. It involves passing text data through a multilingual
LLMs to obtain entities and entity types, which are used to build a base KG with dictionary-based BERT
embeddings. This graph is then semantically filtered using local neighborhood and topological relations
to extract important nodes and edges, resulting in the final KG.

relations accurately, particularly in the presence of
novel names, places, and contexts not adequately
represented in their training data; which is crucial
for developing universal KGs automatically.

To solve the above mentioned problems and de-
velop a universal automatic KG generation method
for Bangla, we propose BanglaAutoKG. Our novel
approach leverages the capabilities of multilin-
gual Large Language Models (LLMs) to extract
entities and their relationships from diverse tex-
tual sources, underscoring the model’s universal-
ity. We complement this by employing translation
dictionaries to identify semantic similarities and
distinctions between words, which aids in the con-
struction of foundational relations for our KG. To es-
tablish word embeddings, we employ a pre-trained
BERT model. However, these embeddings may
exhibit noise due to the model’s lack of context
awareness. To mitigate this noise, we adopt a
Graph Neural Network (GNN)-based feature de-
noising method, utilizing self-supervised attention
filtering. Subsequently, we design a GNN-based
semantic filtering technique to identify and remove
less significant connections, refining the initial KG
into a more semantically enriched representation.

It is important to note that this entire process is
fully automated and operates independently of hu-
man intervention. The universality of our model is
a notable strength, as it can proficiently process
and extract insights from a wide array of textual
content.

Our contributions are summarized below:

» We are the first to develop a novel and univer-
sal automatic KG generation framework with
semantic-filtered for Bangla language, which
can be effortlessly utilized for texts of any
length and context.

» We construct a universal KG by utilizing multi-
lingual LLMs for entity extraction, dictionary-

based relation building, pre-trained BERT
based feature development and feature align-
ment within entities through GNN-based fea-
ture denoising. We also develop a semantic
filtering method to streamline KGs by remov-
ing unnecessary edges.

« Our experiments show that BanglaAutoKG is
able to construct Bengali KGs from text auto-
matically and very effectively.

2. Approach

Figure 1 illustrates the overview of our BanglaAu-
toKG. We split the process into two parts: KG con-
struction and semantic filtering.

2.1.

Entity and Relation Extraction. Given a para-
graph, article or any text ¢, we process it using a
multilingual LLM (ChatGPT or Bard) to extract dif-
ferent entities (V°) from the text to get entities and
relations. Afterward, we refine the entity set (V°)
using tags and types from the LLM and receive
V, by removing certain part of speeches, remov-
ing very long entities, etc. We then establish initial
connections set £ based on the similarity between
sentences, paragraphs, entity types and LLM rela-
tion suggestions.

Knowledge Graph Construction

Node Features Development. For each entity,
we utilize a Bangla-to-English translation dictio-
nary' to uncover meaning and related words. Us-
ing this information, we leverage a pre-trained
BERT (Devlin et al., 2019) model to generate fea-
ture vectors for these entities, creating an initial
feature matrix X°.

"https://github.com/MinhasKamal/
BengaliDictionary
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Base Knowledge Graph. As a result, V denotes
the ensemble of nodes (entities) {vy, va, v3, - vN},
and & designates the collection of edges (relation-
ships among entities) {e1, ea, €3, - -enr}, where N
and M denote the number of nodes and edges,
respectively. V, £, and X° form our base KG
Gg° = (V,£,X°), and its adjacency matrix is A
where an element A;; = 1 if there exists an edge
connecting v; and v;.

Feature Denoising. Given that these feature vec-
tors lack context, as they are derived solely from
individual words and their synonyms rather than
initial text ¢, they tend to be noisy and less effective.
To mitigate this issue, we apply a self-supervised
graph attention filter (Kim and Oh, 2021) to G°, im-
plementing a graph feature denoising technique.
The GNN-based feature denoiser uses negative
edge sampling with a cross-entropy based self-
supervision loss to enhance the node features.
For each node v;, the feature vector =9 undergoes
a self-supervised transformation, resulting in z¢.
The equation for the process is:

xf = a;iWrpw] + Z OzijWFDCE;
JEN (@)
B exp (Leaky ReLU (e;;))
Yken(iyupiy €Xp (LeakyRelLU (ei))

Q5

eij = AT [WFDSQHWFD:C]'} o ((WFD.LZ)T . WFDQL'j)

(1)
where Wrp denotes the model parameters of this
layer and N (i) indicates the set of neighbors of v;.
This feature denoising process enriches the con-
nectivity and resilience of the features, yielding the
refined graph representation. As a result, we ob-
tain a base KG with aligned features, symbolized
asG = (V,&,X%), where X4 € RV*F is the collec-
tive node feature matrix for the entire graph and F
is the length of a feature vector.

2.2. Semantic Filtering

In order to remove low-quality edges, we design a
semantic graph filtering method that re-weights the
edges Using topological and local neighborhood
information with an attention-based convolution.

Topological Relation Extraction. To implement
semantic filtering, our initial step involves the ex-
traction of topological relations using an attention-
based convolution approach. For each node 0 v;
within the foundational graph G, the feature vec-
tor 2¢ undergoes a transformation through a graph
convolutional operator utilizing higher order fea-
tures (Morris et al., 2019), resulting in xf. This can

be performed by:
€54
> A (@)

l’f = WYTR —
JEN()U{i} \/d;d;

where d; = 1+ 32,y ¢ and e;; denotes the
edge weight (in our case, it is 1); Wrg is a model
parameter for this transformation layer.

Local Relation Extraction. We further extract
local neighborhood relations to enhance the con-
struction of a more comprehensive KG. Similar to
the previous procedure, for each node v;, the fea-
ture vector x¢ undergoes a transformation using
local neighborhood relations using spectral filter-
ing (Defferrard et al., 2016), resulting in xﬁ This
transformation is expressed by:

K
xt=>"z"®. w) 3)
k=1

Here, Z™*) is computed recursively by Z(1) = X,
Z@ = L[.x ., z® =9.[.zk1 _ z(k-2)
where L denotes the scaled and normalized Lapla-
cian % — I. X'is the transformed feature matrix
(X! = {2}, ...,2%}) and Wxg is a model pa-
rameter for this process. k is a hyperparameter
denoting the filter size.

Semantic Information Convolution. The com-
bination of X* (X' = {zf, %,...,2%}, each ob-
tained from Eqg. (2)) and X! results in a unified
feature representation, denoted as X € RN*2F
(X = [X*, X'])). Subsequently, an attention-based
(Velickovi¢ et al., 2018) semantic information con-
volution is applied to obtain the final node feature
h € R¥, formulated as:

h; = aWsx; + Z aijWsa; (4)
JEN (1)

where each z; is a member of X and Wy is a model
parameter for this layer, performing layer multipli-
cations. « can be computed by:

B exp (A" LeakyReLU (W [zu|zw]))
- 2 keniyugiy €XP (AT LeakyReLU (W [z [|zi]))
(%)
Final Knowledge Graph. Finally, we proceed to
eliminate redundant edges by leveraging the en-
hanced semantic feature similarity within the node
features set H, which comprises hi,hs,..., hy.
Following this, we systematically remove all edges
that fall below a predefined threshold value ~. This
process results in our final KG, denoted as G; =
(V,&¢, H). An adjacency matrix A of dimensions
N x N can be derived from the final graph G;.

[e%

3. Experiments

Experimental Setup. In the absence of auto-
matic KG construction methods in the Bengali lan-
guage, our research focuses on case study anal-
ysis involving two different text types: poems and

2102



| Text | SF A-SFAS | FDN A-SFAS |
X 0451 | X 0528

‘ Poem ‘ /0892 ‘ v 0892 ‘
| X 0527 | x 0618

‘ Wiki ‘ v/ 0912 ‘ v 0912 ‘

Table 1: Impact of Semantic Filtering (SF) and Fea-
ture Denoising (FDN).

Wikipedia articles. Additionally, we conduct abla-
tion studies to dissect the importance of various
components within our approach, shedding light
on their individual contributions. We used the Aver-
age Semantic Feature Alignment Score (A-SFAS),
a cosine similarity based metric to calculate se-
mantic similarity (Zhelezniak et al., 2019; Sitikhu
et al.,, 2019) as a metric, which quantifies how
closely related the feature vectors of nodes are,
providing insights into the semantic consistency of
the graph. A higher A-SFAS implies that nodes
in the graph have more semantically aligned fea-
tures, which can indicate higher quality in terms of
feature representation.

Implementation Details. We configure BERT em-
beddings with a length of 728 and set the node
feature-length (F') to 128. The value of hyperpa-
rameter k in Eq. 3 is set to 3. v is contingent upon
the specific characteristics of the graph. In our ex-
perimental framework, ~ is configured to maintain
a threshold corresponding to the retention of 90%
of the edges. Our model is trained in a fully un-
supervised manner (Liu et al., 2021; Veira et al.,
2019; Rony et al., 2022). ChatGPT (3.5 version;
October 1, 2023 to October 19, 2023) is used as
LLM for the experiments.

3.1.

The A-SFAS metric calculates the average co-
sine distance between the related node features
to measure the semantic alignment. From Table
1, we can see that the scores with Semantic Fil-
tering (SF) are better, meaning that SF enhances
the overall performance of the model by improving
node features and edge relations. In addition, we
also observe that the scores are better when Fea-
ture DeNoising (FDN) is enabled, denoting the ne-
cessity of feature alignment with the graph by de-
noising.

Ablation Studies

3.2. Case Study

In this section, we will explore two KGs generated
by our model using different types of text. Since
we lack a graph construction tool for Bengali text,
we have manually created these graphs by care-
fully assembling nodes and edges based on the
available information.
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Figure 2: Case Study: KG of a Poem.

Case Study 1: Poem. To show the universal-
ity of our research, we initially introduce a KG
constructed from a poem authored by Amaresh
Biswas, accessible via this GitHub repository?.
This poem is written in the historical context of
the Bangladesh Liberation War of 1971. Remark-
ably, the generated KG accurately encapsulates
the overarching theme and information presented
in the poem. The central node within the graph,
which denotes “independence” in English, is cohe-
sively expressed by its supporting nodes. In addi-
tion, this KG effectively conveys the profound nar-
rative of struggle, promise, and sacrifice made by
the people of Bangladesh in their struggle for inde-
pendence.

Case Study 2: Wikipedia Article. This KG is
derived from the initial two paragraphs of the Ben-
gali Wikipedia page pertaining to the Bangladesh
Football Team, accessible via this URL®. The KG
successfully captures various entities, dates, and
names associated with the Bangladesh football
team, providing a comprehensive representation
of the KG. Of particular note is the inclusion of spe-
cific details about Bangladesh'’s first international
football match, which are effectively represented
in both the text and the KG. This KG serves as
a robust and easily understood representation of
the source text, making it highly valuable for fact-
checking purposes.

4. Discussion

We believe it will be a starting point for working with
Bangla KG problems. Though Bangla is the sixth
most spoken language in the world, the growth in
Bangla KG problems is almost zero. Bangla KGs

’https://github.com/azminewasi/
BanglaAutoKG/
Shttps://bn.wikipedia.org/s/lcmz
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Figure 3: Case Study: KG of a Wikipedia section.

can enable efficient information retrieval, knowl-
edge discovery, fact-checking, and intelligent ap-
plications across various domains. They can con-
tribute to preserving Bangla culture and heritage
while fostering innovation and economic growth.
This initiative has the potential to empower millions
of Bangla speakers globally and open up a wide
range of new possibilities.

The Bangla (Bengali) language is evolving
rapidly, and some texts from or predating the
Rabindranath Tagore (Das et al., 2013) era may
pose challenges for multilingual LLMs in terms of
comprehension. Enhancements in model capa-
bilities for such texts would undoubtedly enhance
our model’s overall performance, while any degra-
dation in these aspects could impact its efficacy.
Additionally, the complexity of deep metaphorical
texts presents challenges for LLMs, potentially di-
minishing our model’s performance. Another prob-
lem is irregular output from LLMs. We have also
observed that when dealing with lengthy texts, the
need to prompt the model multiple times to ex-
tract entities from the complete text can be cumber-
some, due to short context length of some LLMs.

With enhanced understanding and generating
capabilities, recently introduced LLMs such as
GPT-4, Gemini, Claude 3, Mistral Large and Mix-
tral are built to handle large context lengths,better
reasoning capabilities in a wide range of lan-
guages, including metaphorical writings. They are
better able to capture the subtleties and complexi-
ties of languages thanks to their larger model size
and sophisticated training methodologies. Further-
more, the problems of inconsistent outputs and
the requirement for repeated reminders are less-
ened by their capacity to process longer contexts
and produce more coherent and consistent out-
puts. These LLMs show promise in addressing
multilingual representation, managing intricate lin-
guistic structures, and preserving context across
lengthy texts as they develop further.

Future avenues of research could involve train-

ing LLMs specifically with old Bengali texts to en-
hance their effectiveness on historical and archaic
content. Also, the development of more robust
and Bengali-friendly text encoders will significantly
enhance our model’s capabilities. Specifically,
dedicated training on a curated corpus of ancient
Bengali literature, such as works by Rabindranath
Tagore, Bankimchandra Chattopadhyay, and other
prominent authors (d’Hubert, 2018; Chakrabarty,
1991), can help LLMs better understand and
generate text in the archaic linguistic styles and
metaphorical expressions prevalent in those eras.

Studies might also focus on developing text
encoders that have been tailored to handle the
unique characteristics of the Bengali language,
like its complicated script, varied morphology,
and elaborate syntactic structures from different
sources. Another crucial aspect is the creation
of a large-scale, high-quality Bengali KG dataset.
This dataset should contain KGs from various do-
mains, such as history, literature, culture, and sci-
ence, and can be constructed through a combina-
tion of automated extraction from reliable sources
using BanglaAutoKG and human curation.

5. Conclusion

Our novel approach to developing Bangla KGs au-
tomatically leverages multilingual LLMs for entity
extraction and relationship identification from di-
verse textual sources. By incorporating transla-
tion dictionaries and using Graph Neural Networks
with self-supervised attention and semantic filter-
ing, we automate KG construction and improve se-
mantic accuracy. Empirical evidence and case
studies demonstrate BanglaAutoKG'’s ability to au-
tonomously build Bengali KGs from any given text:
The case studies have offered a convincing dis-
play of our model’s effectiveness on different data
types; our ablation studies have highlighted the im-
portance of different model components.
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