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Abstract

Knowledge graphs (KGs) represent structured data through triples that
encode entities and their relationships. While they are traditionally used for
storing explicit facts, embedding these triples into a vector space enables the
discovery of implicit relations, enhancing reasoning in tasks such as question
answering (QA). This study explores the challenge of answering Persian-
language questions using Fars-Wiki-KG, a large-scale knowledge graph
automatically constructed from Persian Wikipedia. We create a QA system
that combines the knowledge graph and natural language questions into the
same vector space, allowing for complete reasoning on both simple and
complex queries. The system employs ComplEx for graph embeddings and
XLM-RoBERTa, a multilingual transformer model, for question
embeddings. Additionally, we introduce a Persian QA dataset containing
over 74,000 question-answer pairs generated from Fars-Wiki-KG.
Experimental results show that our framework effectively handles complex
reasoning in Persian, with strong performance on both simple and multi-hop
questions.
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1. Introduction

By storing data in knowledge graphs, it is possible to retrieve not only
explicit relationships but also implicit ones, as processing the entire graph at
once can reveal hidden facts not explicitly present in the original graph
(Choudhary et al., 2021). This capability enables question-answering
systems to go beyond the information provided by knowledge graph triples
and tackle more complex challenges. Knowledge graph embeddings, which
represent the nodes and edges of the graph as numerical vectors, are
developed to aid this purpose. These embeddings are created by considering
the entire graph, so what these numbers represent is more than the explicit
facts of the knowledge graph. For example, we can ascertain an individual's
profession through indirect indicators such as their authored works.
Embedding the graph into a vector space allows for uncovering such hidden
relations by modeling semantics at a global level. The technique will also
help address the issues of incompleteness and sparsity in the knowledge
graphs, which are inevitable. This paper explores the task of answering
Persian questions using embeddings derived from a Persian knowledge
graph called Fars-Wiki-KG (Shirmardi et al., 2021).

2. Literature Review

2.1. Related Work on Embedding Models

Knowledge graph embedding models divide into two main approaches:
translation-based models and semantic models. Translation-based models
like TransE show relationships as movements in a vector space (Bordes et
al., 2013), while RotatE builds on this by treating relationships as rotations
in a complex space, which helps better manage symmetric and inverse
relationships (Sun et al., 2019). Semantic models such as DistMult (Yang et
al., 2015) and ComplEx (Trouillon et al., 2016) score triples based on
similarity. ComplEX, by operating in complex spaces, effectively models
asymmetric relationships and is widely adopted in QA tasks.

2.2. Related Work on QA over Knowledge Graphs
Recent QA systems embed both the question and KG entities into a shared
space. The question embedding acts as a latent relation are used to retrieve
answer entities. This approach, introduced by Saxena et al. (2020), allows
multi-hop reasoning without explicit path traversal.

3. Method

Fars-Wiki-KG (Shirmardi et al., 2021) contains well over two million nodes
and 7.5 million triples, covering over 90% of the Persian Wikipedia
infoboxes. Based on the nodes and edges of this knowledge graph, 1370
patterns have been created to build a question-answering dataset. These
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patterns include both simple and multi-hop questions. For example, a simple
pattern might be "Which country is the producer of X?" In contrast, a multi-
hop pattern could be: "What language do the people speak in the country of
the producer of X?" The first one is straightforward, while the second
question involves two hops: first finding the country of X, and then
determining the language associated with that country. By considering these
patterns and extracting their corresponding answers from Fars-Wiki-KG, we
provided a dataset consisting of questions and answers. Having a question
like "Which country is the producer of 'Breaking Bad'?", the head entity is
'Breaking Bad,' the relation is the country of origin, and the tail entity is the
'USA,' which is the answer.

Various knowledge graph embedding models, such as translational and
semantic matching models, are trained and evaluated on subsets of the
knowledge graph to embed its nodes. This process captures both explicit and
latent information between the nodes in numerical vector form. At the same
time, Persian questions are embedded using a multilingual version of the
BERT language model, namely XLM-RoBERTa (Liu et al., 2019), to
represent the relationships between each question and its corresponding
answer. Each question starts with a head entity, followed by a relationship
that describes how to reach the tail, which is the answer. By utilizing the
head entity embedding and the relation embedding (which contains
information about the question), a score is assigned to all other nodes in the
graph. This score indicates the likelihood of each node being the tail entity
(question's possible answers). Therefore, the above-explained approach,
inspired by the research of Saxena et al. (2020), allows the system to answer
questions even when the relevant triples are not explicitly included in the
graph. Moreover, it enables responses to more complex questions that
require traversing multiple edges within the graph, called multi-hop
questions.

4. Results

To evaluate our model, we provided a dataset of simple and complex
question-answer pairs for Persian, containing over 74,000 question-answer
pairs derived from this graph. Table 1 presents the results of our proposed
method.

Table 1
Accuracy and Hit@10 Results on Persian QA Dataset
Dataset NVAS Accuracy (%) H@10 (%)
Simple Questions 60,630 92 96
Complex Questions 13,787 54 82

All (Combined) 74,417 85 94
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The suggested framework shows around 85% accuracy and an H@ 10 of 94%
on a dataset made up of both simple and multi-step Persian question-answer
pairs, which suggests good results for the question-answering task in the
Persian knowledge graph.

6. Conclusion

We showed a Persian QA system that uses KG embedding, proving that even
with few available KGs, embedding methods can produce good results. By
matching Fars-Wiki-KG entity embeddings with question vectors from
XLM-RoBERTa, our system learns to find answers without needing exact
matches. This is especially useful for multi-hop questions where we need to
figure out intermediate entities without them being directly stated. By
matching the Fars-Wiki-KG entity representations with question vectors
from XLM-RoBERTa, our system can figure out answers without needing
exact matches of data triples. This technique is particularly valuable for
multi-hop questions where intermediate entities must be inferred implicitly.
Future directions include extending deeper graph reasoning, optimizing
model architectures, and evaluating generalization across more diverse and
ambiguous questions.
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1. dense
2. batch normalization
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