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Abstract

Question generation is the task of natural language processing
where the goal is to generate fluent, grammatically correct,
error-free questions based on a given input context and op-
tionally an answer. Multi-hop question generation is a more
complex task compared to traditional single-hop question
generation, as it requires reasoning over multiple information
from multiple input contexts in generating multi-hop ques-
tions. In this paper, we have addressed the challenge of build-
ing a multi-hop question generation system by combining the
knowledge graphs with large language models. We have de-
signed a framework KG4QG (Knowledge Graph for Question
Generation), where knowledge graphs are generated from the
input contexts. For the knowledge graph embedding, we have
used Graph Attention Network, and for input text embed-
ding, we have leveraged Sentence Transformer. Finally, we
apply BART and T5 models as Large Language Models to
generate multi-hop questions from our proposed model. Us-
ing HotpotQA dataset to evaluate the performance of our
KG4QG framework, our proposed methodology has shown
an enhancement of performance over the previous method-
ologies.

Introduction

In recent years, Question Generation (QG) has been a topic
of extensive research, but most of the research is based on
the generation of a single question in a single paragraph
where the answer of the question depends on a small amount
of reasoning (Emerson and Chali 2023). Multi-hop QG can
be defined as the task focusing on generating complex ques-
tions which require integrating information from multiple
interconnected sources, which is called multi-hop reason-
ing. Multi-hop QG aggregates several evidence from multi-
ple paragraphs, and ensures reasoning over them to generate
meaningful, answer-related, factual-coherent questions (Su
et al. 2020).

Proposed Model

Sequence-to-sequence based transformer models are already
capable of generating simple questions where only one sin-
gle paragraph is required to answer a logical solution of the
question. In this research, our main aim is to see the impact
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of utilizing Knowledge Graph (KG) in the multi-hop ques-
tion generation.

Knowledge Graph Creation

To create the knowledge graph, the input text is converted to
annotated text by performing coreference resolution on the
input text so the redundancy of nodes are removed, and the
same entities are linked so per entity one node is created in
the graph, and a more accurate graph is generated. First we
have to start the Stanford CoreNLP ! server. The Open Infor-
mation Extraction (OpenlE) 2 annotator is used as it can ex-
tract triplets from the input text. A triplet is a representation
of a subject, a relation, and the object of the relation. Finally,
the graph is visualized using the Python NetX ? package.

Graph Representation Creation

After generating the knowledge graph using Stanford
CoreNLP, we created a graph representation of each knowl-
edge graph by constructing PyG* compatible tensors. The
triplets are converted to the Node Features, Edge Index, and
Edge Attribute. Node Features are the dictionary mapping
where each node (subject or object) of the graph is converted
to an index number to convert human readable node labels to
machine readable index number. To represent the connection
between source to destination of the graph, edge index rep-
resents the connectivity. Edge Attribute represents the em-
beddings for subject to object relations. After generating the
attributes from triplets, each row of questions is encoded by
the all-Minim-L6-v2 > model to generate the space vector
of the questions. Finally, the graph object representation is
generated by creating a Data object from the PyTorch Geo-
metric (PyG) © library. The graph data object is created by
packaging the node features, edge index, edge attributes, and
the target variable, where the target variable is the question
in this research.

"https://stanfordnlp.github.io/CoreNLP/

Zhttps://stanfordnlp.github.io/CoreNLP/openie.htm]

3https://networkx.org/

“https://pyg.org/

Shttps://huggingface.co/sentence-transformers/all-MiniLM-
L6-v2

Shttps://pytorch-geometric.readthedocs.io/en/latest/generated/
torch_geometric.data.Data.html



Model BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE-L METEOR
MulQG 40.15 26.71 19.73 15.20 35.30 20.51
GNET-QG 49.72 38.95 32.88 27.93 40.25 49.87
MultiFactor 54.17 41.50 33.74 28.22 28.60 44.17
KG4QG(T5 Backbone) 47.08 39.11 36.32 34.27 41.48 40.41
KG4QG(BART Backbone) 53.38 44.81 41.24 38.56 47.11 46.08

Table 1: Performance Comparison between KG4QG and Existing Models

Integrated Embedding Representations

The graph embedding is generated by the graph attention
network (GAT) model. We load the graph data object, then
the model is trained, and the evaluation is done on a test
set from the data object. The training, testing, and validation
split is done as 70:15:15 ratio. During training, the Mean
Squared Error (MSE) is used to calculate the loss. Early
stopping and model checkpoint are also used. The model is
trained for 200 epochs.

The input text is converted to a numerical representation us-
ing the Sentence Transformer. We utilize the all-Minim-L6-
v2 model to generate the space vector of the input text, so
the encoded input text is generated. The graph embedding
is concatenated at the end of the input text embedding by
torch.stack’.

Encoder

The encoder includes feed-forward neural networks and a
multi-head self-attention mechanism. As a backbone, we
have utilized BART-base and T5-base both as encoders sep-
arately and have tried to find which model works better. To
ensure that the text fits the input length of the model and to
generate an attention mask for the input text, we have fed to-
kenization into the LLM encoder component. We have gen-
erated the attention mask from the input text and then the
combined embedding layer is ready to be fed into the en-
coder of the LLMs.

Decoder

The LLM decoder which follows the transformer architec-
ture is used for autoregressive generation, that is to say,
based on previous predictions, it produces questions token
by token. Decoder uses mask self-attention so the model en-
sures autoregressive masking, so the next prediction of word
is based on the words that are previously examined in the
sequence plus the current word.

Experiments
Dataset

In this research, we have utilized HotpotQA (Yang et al.
2018) dataset for training and evaluating our model. Accord-
ing to Su et al. (2020), it is important to filter out all yes/no
answer based data samples from the HotpotQA dataset fo-
cusing on the multi-hop ability so we have removed those
samples and also have excluded the supporting sentences

https://pytorch.org/docs/stable/generated/torch.stack html
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from the dataset. After filtering out the dataset, we have par-
titioned the dataset into three parts: training dataset, valida-
tion dataset, and testing dataset according to 70:15:15 ratio.

Fine-Tuning

Fine-tuning is performed to make the pre-trained mod-
els task specific of multi-hop question generation. In both
BART and T5 models, initially the number of epochs is
fixed as 50, where early stopping is used as a regulariza-
tion technique to prevent the model from overfitting. Here,
based on validation loss the patience parameter is fixed as
3, which means if no change occurs in validation loss, after
three epochs, the training will be stopped. The best outcome
of the T5-base model is achieved after 50 epochs, where for
the BART-base model the best outcome is achieved after 20
epochs. The Adam optimizer (Kingma and Ba 2017) is used,
where the Cross-Entropy function (Mao, Mohri, and Zhong
2023) i45 used to calculate the loss. The learning rate is fixed
as 107=.

Evaluation and Conclusion

To evaluate the performance of KG4QG, we have utilized
automated evaluation metrics. These metrics are chosen
based on the widespread utilization in question generation
task. To demonstrate the efficiency of our model KG4QG
with BART backbone and T5 backbone, we have done com-
parison with existing models on multi-hop question gener-
ation including MulQG by Su et al. (2020), GNET-QG by
Jamshidi and Chali (2025), and MultiFactor by Xia et al.
(2023) because of their significance results in evaluation
metrics. From Table 1, we can see that our model KG4QG
outperforms across all metrics compared to the existing
models because of the enhancement of LLMs with Knowl-
edge Graph integration, except on BLEU-1, where the dif-
ference with MultiFactor is 0.79, and METEOR, where the
difference with GNET-QG is 3.79. Our results show that
knowledge graph integration with LLMs is an effective so-
lution for the enhancement of multi-hop QG task.

Further research can be focused on the low-resource multi-
hop question generation, enriching cross-lingual and multi-
lingual capacity to improve the ability of multi-hop question
generation system, utilizing different prompting techniques
like Chain-of-Thought (CoT) prompting (Wei et al. 2023),
Tree of Thoughts (ToT) prompting (Yao et al. 2023), Graph
of Thoughts (GoT) prompting (Besta et al. 2024) that may
improve the performance of LLMs for multi-hop question
generation.
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