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Abstract

To alleviate the high cost of manually annotat-
ing Question Answering (QA) datasets, Ques-
tion Generation (QG) has been proposed, which
requires the model to generate a question re-
lated to the given answer and passage. This
work primarily focuses on Multi-Span Ques-
tion Generation (MSQG), where the generated
question corresponds to multiple candidate an-
swers. We observe that traditional QG meth-
ods may not suit MSQG as they typically over-
look the correlation between the candidate an-
swers and generate trivial questions. To ad-
dress it, we propose REGULAR, a framework
of RElation-GUided MuLti-SpAn Question
GeneRation. REGULAR first converts pas-
sages into knowledge graphs and extracts candi-
date answers from the knowledge graphs. Then,
REGULAR utilizes a QG model to generate
a set of candidate questions and a QA model
to obtain the optimal question. We construct
over 100,000 questions using Wikipedia and
PubMed corpora, named REGULAR-WIKI
and REGULAR-MED respectively, and con-
duct experiments to compare our synthetic
datasets with other synthetic QA datasets. The
experiment results show that models pre-fine-
tuned with our synthetic dataset achieve op-
timal performance. We also conduct ablation
studies and statistical analysis to verify the qual-
ity of our synthetic dataset. !

1 Introduction

Question Answering (QA) (Rajpurkar et al., 2018;
Kwiatkowski et al., 2019) requires the model
to provide accurate answers for a given ques-
tion, which has wide-ranging applications like
chat systems(OpenAl et al., 2024), information
retrieval(Esteva et al., 2021), and Al education (Ra-
bin et al., 2023). As a subtype of the QA task,
Multi-Span Question Answering (MSQA) (Liet al.,

'Our code and data are available at https: //anonymous.
4open.science/r/REGULAR-BC26

Passage:

Ben Kirk, played by Noah Sutherland, made his first on-screen
appearance on 14 December 2001. Ben is the son of Libby
Kennedy (Kym Valentine) and Drew Kirk (Dan Paris). Ben's
birth placed Libby's life in danger and she was rushed to
intensive care with blood loss, but she eventually recovered...

-

i Answers (extracted by NER tools): Ben Kirk, Noah, Libby b
E Kennedy, Kym Valentine, Drew Kirk, Dan Paris, Ben i
\ Question: Who are the people in this passage? !

____________________________________________________

Answers (extracted by human): Libby Kennedy, Drew Kirk 1
Question: Who are the parents of Ben Kirk? i

Figure 1: An example where humans and the NER
tool extracted different answers, leading to different
questions. The entities extracted by the NER tool are
highlighted with underlines.

2022; Yue et al., 2023) requires the model to ex-
tract multiple non-redundant answers from a given
passage. However, the models may need a large
amount of training data to facilitate either MSQA
or other QA tasks. To alleviate the high cost of
manually annotating QA datasets, Question Gener-
ation (QG) has been proposed, which requires the
model to generate a question related to the given
answer and passage.

Traditional QG research (Shakeri et al., 2020;
Lyu et al., 2021a; Lee et al., 2023) has considered
cases where the answer is not provided, meaning
that the task is to generate a question and its cor-
responding answer from a given passage. Exist-
ing methods typically use rule-based methods or
model-based methods to extract candidate answers,
and then employ a Language Model (LM) to gener-
ate the question. For example, Shakeri et al. (2020)
use a Sequence-to-Sequence LM (Sutskever et al.,
2014) to generate questions and answers in an end-
to-end manner, while Lyu et al. (2021a) and Lee
et al. (2023) utilize Named Entity Recognization
(NER) tools to extract answers. Some other works
(Guo et al., 2024; Wu et al., 2024) explore improv-
ing the ability of Large Language Models (LLMs)
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to generate questions by incorporating additional
information into the prompt.

This work primarily focuses on Multi-Span
Question Generation (MSQG), where the gener-
ated question corresponds to multiple candidate
answers. Unfortunately, traditional QG struggles
with MSQG. Taking Figure 1 as an example, us-
ing NER tools to extract all the person names re-
sults in a set of unrelated entities, which leads to
a trivial question. The reason may be that tradi-
tional QG methods primarily focus on generating
single-answer questions, without considering the
correlation between multiple answers in the MSQG
task. Although LIQUID (Lee et al., 2023) employs
an additional QA model to refine the initial can-
didate answers, the correlation between candidate
answers is still not guaranteed.

We observe that knowledge graphs may help
obtain relevant candidate answers, as edges con-
nect different entities with relationship types in the
knowledge graph. Based on this observation, we
define Commonality Entities (CE) as a group of
entities that share the same relation type with a spe-
cific entity in a knowledge graph. Then we propose
REGULAR, a framework for RElation-GUided
MulLti-SpAn Question GeneRation. For a given
passage, REGULAR converts it into a knowledge
graph and employs a graph traversal algorithm to
extract CE as candidate answers. After extract-
ing candidate answers, REGULAR utilizes a QG
model to generate a set of candidate questions and
a QA model to obtain the optimal question. Com-
pared with traditional QG methods, REGULAR
considers the relevance between candidate answers,
avoiding the negative impact of irrelevant answers
on the synthetic datasets.

We construct over 100,000 questions us-
ing Wikipedia and PubMed corpora, named
REGULAR-WIKI and REGULAR-MED respec-
tively?, and evaluate them through 2-step fine-
tuning experiments. The experiment results show
that models pre-fine-tuned with REGULAR dataset
achieve optimal performance. For instance, after
training with REGULAR-WIKI, the Tagger model
(Li et al., 2022) improves the Exact Match F1 by
2.95% on MultiSpanQA(Li et al., 2022) compared
with the model pre-fine-tuned with the LIQUID
dataset (Lee et al., 2023). Additionally, we conduct
ablation studies and statistical analysis to verify the
quality of the REGULAR datasets.

*For simplicity, we also refer them to REGULAR datasets.

In summary, our contributions are listed as fol-
lows:

* To obtain relevant candidate answers in
MSQG, we explore extracting entities from
the knowledge graph as candidate answers.
We define CE as a group of entities that share
the same relation type with a specific entity in
a knowledge graph and design a graph traver-
sal algorithm to extract CE.

* We propose REGULAR, which extracts
CE from graph structures as candidate an-
swers and generates corresponding questions.
We construct over 100,000 questions from
Wikipedia and PubMed corpora, respectively.

* Experiment results demonstrate that our syn-
thetic datasets can be used to train QA models
and achieve better performance. We also con-
duct ablation studies and statistical analysis to
validate the quality of the synthetic dataset.

2 Related Work

2.1 Question Generation

QG requires models to generate a question that
matches the given passage and the answer. This
work primarily focuses on MSQG where the gener-
ated question corresponds to multiple answers. In
real-world applications, the answers are often un-
known, so obtaining the answers is necessary first
and then generating the corresponding questions.
Traditional methods typically utilize LMs or
rule-based tools to extract candidate answers. Puri
et al. (2020) train a BERT (Devlin et al., 2019) to
extract candidate answers. Shakeri et al. (2020) use
a Sequence-to-Sequence LM to end-to-end gener-
ate both questions and answers. Lyu et al. (2021a)
extract summarization of the given passage and
then use NER tools and syntactic parsing tools
to extract candidate answers. LIQUID (Lee et al.,
2023) first extracts multiple candidate answers with
a summarization model and NER tool, and gener-
ates multi-answer questions, followed by iterative
updates to both the questions and candidate an-
swers. However, these methods fail to consider the
correlation between candidate answers. In contrast,
we extract CE in the knowledge graph, ensuring
the correlation among the candidate answers and
improving the quality of the synthetic datasets.



Passage:
: John lives in New York. He likes playing basketball and baseball...
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Figure 2: The pipeline of our REGULAR framework.

2.2 LLM-based Question Generation

Recently, LLMs (Grattafiori et al., 2024; Ope-
nAl et al., 2024) have gained widespread attention
due to their powerful language modeling and text
generation capabilities. Recent studies have ex-
plored methods such as In-Context Learning (ICL)
(Brown et al., 2020) and Chain-of-Thought (CoT)
(Wei et al., 2022; Kojima et al., 2022) to further
improve the performance of LLMs in QG tasks.

For example, TASE-CoT (Lin et al., 2024) first
uses the TS5 (Raffel et al., 2020) model to predict
the question type and key fragments within the
question, then designs a three-step CoT approach
to guide the LLM in generating multi-hop ques-
tions. Similarly, SGSH (Guo et al., 2024) addresses
Knowledge Base Question Generation (KBQG) by
using a fine-tuned BART (Lewis et al., 2020) model
to provide the question prefix before generating
questions with GPT-3.5. Li and Zhang (2024) fo-
cus on controllable question generation and pro-
pose the PFQS framework. This framework first
generates an initial plan based on the question label,
adjusts it with the context, and then generates the
question based on the article, answer, and plan. In
addition to text-only question generation, Wu et al.
(2024) focus on Multi-Modal Question Generation
(MMQG) and they propose SMMQG, which sam-
ples multi-modal sources and generates different
types of questions with GPT-4.

In this work, we primarily utilize advanced
LLM:s to convert passages into knowledge graphs
and use fine-tuned LLMs to generate questions.

3 Method

The MSQG task can be described as: Given a pas-
sage p, models are required to first extract a set of
non-redundant text spans as the candidate answers
A, and then generate the corresponding question g,
as shown in Equation 1:

A = Extract_Answers(p)
q = Mqc(p, A)

where Mg refers to the QG model. Figure 2
shows the architecture of our REGULAR frame-
work. Different from existing work, we extract
CE from the knowledge graphs as the candidate
answers to ensure relevance among the answers
and then generate corresponding questions. Specif-
ically, the REGULAR framework consists of four
steps: (1) Convert the given passage to a knowledge
graph; (2) Extract CE from the knowledge graph
as candidate answers; (3) Utilize a QG model to
generate a set of candidate questions; (4) Score
each candidate question with a QA model and se-
lect the optimal question with the highest score for
constructing the MSQA dataset.

Next, we will introduce the definition of CE in
Section 3.1, and elaborate on each step from Sec-
tion 3.2 to Section 3.4.

(1

3.1 Commonality Entities

The definition of CE can be described as follows:
Given a reference entity v and a relation r, CE is
defined as a set of entities that connect to v with
the edges that share the same relation r. The above



definition can be represented by Equation 2.
CE(v,r) ={v|lv e N(v) AR(v0) =71} (2)

where N (v) represents the neighbor entities of ©
and R(v;, ) represents the relation of the edge
between v; and v.

3.2 Extracting CE as candidate answers

In MSQG tasks, selecting multiple candidate an-
swers is important because unrelated candidate an-
swers may result in low-quality questions (Lyu
et al., 2021b; Lee et al., 2023). Existing methods
(Lee et al., 2023) typically utilize NER tools (e.g.,
SpaCy ?) to extract named entities. However, these
approaches fail to consider the correlations among
candidate answers, thereby limiting the quality of
the synthetic data.

We propose extracting CE as candidate answers,
considering that CE in a knowledge graph is con-
nected to a specific entity through the same edges,
ensuring relevance among these entities. This pro-
cess contains two steps: converting passages into
knowledge graphs and extracting CE in the knowl-
edge graph.

Converting Passages into Knowledge Graphs
We utilize LangChain LLMGraphTransformer® to
convert passages into knowledge graphs. This pro-
cess can be described as Equation 3:

G = LLM(p) 3)

where p refers to the passage and G refers to
the knowledge graph and LLM () refers to the
LangChain tool.

Extracting CE in the Knowledge Graph We
design a graph traversal algorithm that identifies
CE by counting the 1-hop neighbors of each node.
We extract CE with two or more entities as candi-
date answers A. This process can be described as
Equation 4:

A = Extract_Answers(G) @

where G refers to the knowledge graph. We provide
a detailed algorithm in Appendix A.

3https://spacy.io/

4https ://python.langchain.com/api_
reference/experimental/graph_transformers/
langchain_experimental.graph_transformers.1llm.
LLMGraphTransformer.html

3.3 Generating Questions

Generating Questions with CE We utilize a
generative LM Mg as the QG model to gener-
ate questions. The inputs of Mg are the pas-
sage p, the candidate answers A, reference entity
v, and relation . We sample k£ candidate ques-
tions @ = {q1, ..., qx }, where k is the number of
generated questions, shown in Equation 5:

Q = MQG(vaaf[)vr) (5)

Extracting Relations for Training the QG Model
Existing MSQA datasets such as MultiSpanQA(Li
et al., 2022) and MA-MRC(Yue et al., 2023) do
not include commonality relation we need. Intu-
itively, we could use a prompted LLM to extract the
commonality relation from the question. However,
this may introduce bias between training and gen-
erating. To address this problem, we first prompt
an LLM to convert the question-answer pairs into
declarative sentences. Then, following the method
proposed in Section 3.2, we check whether the an-
swers satisfy the definition of CE. If the candidate
answers are CE, we add the corresponding com-
monality relation r to the training data, otherwise,
we discard this data.

3.4 Obtaining Optimal Question

Existing QG researches (Lee et al., 2023; Mo-
hammadshabhi et al., 2023) typically employ a QA
model to validate the generated questions. In this
work, we employ a QA model Mg 4 fine-tuned on
the MSQA datasets to score the candidate questions
generated in Section 3.3 and select the question
with the highest score. For each candidate question
g; € (@ and its corresponding passage p, we predict
its answers with Mg 4. Then we calculate the F1
score of the predicted answers and obtain the opti-
mal question ¢ that maximizes the F1 score. This
process can be described as Equation 6:

O; = Mga(p, q;)

Sq, = F'1_Score(0;, A) (6)
§ = argmaz(sq,)
4 €Q

where F'1_Score(O;, A) refers to the F1 score of
5

O; when A is used as the reference-.
Finally, we construct synthetic dataset D with
the candidate answers A and the generated question
SWhen calculating the F1 score, we take the average of the

Exact Match F1 and Partial Match F1 scores. Details of Exact
Match and Partial Match are shown in Section 4.1
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MultiSpanQA MA-MRC QUOREF

EMF1 PMF1 | EMF1 PMF1 | EMF1 PMFI1
Tagger 6358  83.62 | 79.69 8750 | 66.77  SL.78
+ QAGen-WIKI 67.04 8289 | 7948  87.19 | 68.86  82.20
+ LIQUID-WIKI 67.50 8326 | 8031  87.59 | 7391  85.67
+REGULAR-WIKI | 7045  84.57 | 8027 8799 | 7589  84.77
SpanQualifier 7158 8350 | 7985 8683 | 6221 7536
+ QAGen-WIKI 69.81 8326 | 57.68 7374 | 5829  73.02
+ LIQUID-WIKI 70.76  84.52 | 80.66  87.28 | 7195  80.31
+REGULAR-WIKI | 7298  83.19 | 8138  88.06 | 7298  83.19
BART-base 6514  80.15 | 7538 8440 | 6680 7538
+ QAGen-WIKI 66.98 8132 | 7429 8397 | 6197  73.62
+ LIQUID-WIKI 66.67 8114 | 7584  84.60 | 6724  77.17
+REGULAR-WIKI | 68.98 8259 | 7588 8528 | 6744 7851
T5-base 6924 8293 | 7839 8621 | 6547 7640
+ QAGen-WIKI 69.81 8326 | 78.89 8632 | 6141  73.25
+ LIQUID-WIKI 7029  81.83 | 7926 8678 | 67.64  75.94
+REGULAR-WIKI | 73.09 8519 | 7940 8687 | 67.66  76.23

Table 1: Exact Match and Partial Match F1 scores of the MSQA models. The first line of each MSQA model refers
to the original performance. "QAGen-WIKI" and "LIQUID-WIKI" refer to the 2-step fine-tuning baselines where
models are firstly trained on synthetic datasets from Wikipedia corpus. The best results are in bold.

g, shown in Equation 7:

D = {(pj, A5, 4j)}j=1 (7

where n refers to the question number of D.

4 Experiments

Inspired by (Lee et al., 2023), we use a 2-step fine-
tuning approach to compare the quality differences
of the synthetic datasets generated by REGULAR
and other QG methods. In the first step, the QA
models are pre-fine-tuned on the synthetic datasets,
and in the second step, the QA models are grained-
fine-tuned on the downstream MSQA benchmarks.
For a fair comparison, we randomly select 50,000
questions for the pre-fine-tuning.

4.1 Experimental Setup

Corpus We select the open-source corpus
PubMed ¢ and Wikipedia 7 and construct over
100,000 questions using each of these two corpus,
named REGULAR-WIKI and REGULAR-MED
respectively. The PubMed corpus focuses on the
biomedical field, while Wikipedia covers general
knowledge.

QG Baselines We select synthetic datasets, in-
cluding QAGen (Shakeri et al., 2020), LIQUID-
MED (Lee et al., 2023) and LIQUID-WIKI (Lee
et al., 2023) as the baselines. Details of these base-
lines are shown in Appendix B.3.

6h'ctps ://pubmed.ncbi.nlm.nih.gov/
"https://www.wikipedia.org/

MSQA Datasets We select the MultiSpanQA
(Li et al., 2022), MA-MRC (Yue et al., 2023), and
QUOREF (Dasigi et al., 2019) for our experiments.
Considering that the MA-MRC dataset contains a
large amount of training data, we randomly sam-
ple 10,000 training data and 1,000 validation data
and obtain MA-MRC-10Kk. Details of the MSQA
dataset are shown in Appendix B.1.

MSQA Models We select two discriminative
models: Tagger (Li et al., 2022) and SpanQuali-
fier (Huang et al., 2023),as well as two generative
models: BART (Lewis et al., 2020) and T5 (Raffel
et al., 2020) for our experiments. Details of these
models are shown in Appendix B.2.

Evaluation Metrics Following (Li et al., 2022),
we use Exact Match (EM) and Partial Match
(PM) as the main metrics. EM assigns a score of
1 when a prediction fully matches one of the gold
answers and O otherwise, while PM considers the
overlap between the predictions and gold answers.
We report F1 scores in our experiments.

Implementation Details Implementation details
are shown in Appendix B.4.

4.2 Main Results

The main results are shown in Table 1 and Ap-
pendix Table 5. Based on these results, the follow-
ing conclusions can be made: (1) Traditional QG
Methods (e.g., QAGen (Shakeri et al., 2020)) are
not suitable for constructing MSQA datasets.
We observe that after pre-fine-tuning with the QA-
Gen dataset, the model’s performance decreases in
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MultiSpanQA
EMF1 PMF1

Tagger 68.58 83.62
Ablation on Question Generation Steps
w/o KG (Step 1) 67.52 83.16
w/o CE (Step 2) 68.06 71.53
w/o relation (Step 3) 70.48 84.61
Random Question (Step 4) | 67.44 83.16
Worst Question (Step 4) 66.65 81.98
REGULAR 70.51 85.14
Ablation on Fine-Tuning Strategies
Merged FT 70.03 84.98
Domain-Shift FT 60.25 75.51
REGULAR 70.51 85.14

Table 2: Ablation Study on question generation steps
and fine-tuning strategies on the validation set of Multi-
SpanQA. The best results are in bold.

most settings. This suggests that synthetic datasets
generated by QAGen do not contribute to improv-
ing the performance of the MSQA models; (2) The
LIQUID datasets slightly improve the perfor-
mance of MSQA models in some settings. For in-
stance, on the MA-MRC-10k dataset, the LIQUID-
MED setting improved the EM F1 score of the
Tagger model from 79.69 to 80.31. However, in
other settings, the performance shows a slight de-
cline. This indicates that the quality of the LIQUID
dataset still needs improvement. (3) Our synthetic
datasets perform best in most settings. This is
because the REGULAR framework extracts CE
from the knowledge graph, ensuring the correlation
between candidate answers, and thereby improves
the quality of the synthetic dataset.

We also conduct experiments with the open-
source LLMs. Details and results are shown in
Appendix C.2.

4.3 Ablation Study

Ablation on Question Generation Steps We hy-
pothesize that each step in REGULAR contributes
to constructing a higher-quality synthetic dataset.
To validate this, we conduct ablation studies on
each synthetic step of REGULAR and evaluate the
validation set of the MultiSpanQA dataset. We im-
plement the following ablation strategies: (1) w/o
KG: Use NER tools to extract candidate entities
from the passage. (2) w/o CE: Randomly select
entities and their neighbors as candidate answers
instead of CE. (3) w/o relation: Remove the com-
monality relation and key entity when generating
questions. (4) Random Question: Randomly se-
lect a candidate question instead of the highest-
scoring question. (5) Worst Question: Select

72
—e— w PRE-FT
---w/o Pre-FT

714

EM F1: 68.58

68 1

10 20 30 40 50 60 70 80 90 100
Data Size (k)

Figure 3: Ablation study on data scale with Tagger on
the validation set of MultiSpanQA. "w PRE-FT" refers
to the pre-fine-tuning results and "w/o PRE-FT" refers
to the original result without pre-fine-tuning.

the lowest-scoring question instead of the highest-
scoring question.

As shown in Table 2, all ablation settings lead to
a decline in model performance. Notably, the abla-
tion of Step 1 and Step 2 results in a significant drop
in performance, as the candidate answers selected
under these conditions lack correlation, which lim-
its the quality of the synthetic dataset. Further-
more, randomly selecting questions or choosing
the worst-performing questions also has a negative
impact, indicating that the quality of the generated
questions also influences the overall quality of the
synthetic dataset.

Ablation on Fine-Tuning Strategies Inspired
by Lee et al. (2023), we employ a 2-step fine-
tuning strategy to demonstrate the quality of the
synthetic dataset. To explore whether other fine-
tuning strategies might perform better, we test two
other fine-tuning strategies: (1) Merge FT: We mix
the synthetic dataset with the downstream bench-
mark dataset and fine-tune them simultaneously.
(2) Domain-Shift FT: We only fine-tune models
on the synthetic dataset.

We compare these strategies on the Multi-
SpanQA validation set. As shown in Table 2,
Merge FT and Domain-Shift FT perform worse
than the 2-step fine-tuning strategy. We hypothe-
size that the model learns to reason, generalize, and
summarize within context using a large amount of
data in the pre-fine-tuning phase. In contrast, in
the grained-fine-tuning phase, the model adapts to
the domain and question format of the downstream
tasks, which leads to better performance on the
validation set.
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Figure 4: Left: Number of answers in the MultiSpanQA and the REGULAR-WIKI datasets; Right: Types of answers
in the MultiSpanQA and the REGULAR-WIKI datasets. The numbers in the figures represent the percentage.
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Figure 5: Types of questions in the MultiSpanQA and
the REGULAR-WIKI datasets.

Ablation on Data Scale To investigate the im-
pact of dataset scale on the fine-tuning results,
we conduct pre-fine-tuning on Tagger with dataset
sizes ranging from 10,000 to 100,000, followed by
grained-fine-tuning on the MultiSpanQA dataset.
As shown in Figure 3, the model achieves optimal
performance when the pre-fine-tuning dataset size
reaches 60,000. When the pre-fine-tuning dataset
size is too small, the model performs worse than
the original result. This may be because a smaller
dataset cannot fully leverage the advantages of pre-
fine-tuning. On the other hand, when the dataset
size exceeds a certain threshold, the model’s per-
formance does not improve further. This suggests
that choosing an appropriate dataset size for pre-
fine-tuning is important.

5 Analysis on the Synthetic Dataset

In this section, we statistically analyze the an-
swer types, number of answers, and question
types in the REGULAR-WIKI and MultiSpanQA
datasets. We also conduct a case study to compare

REGULAR-WIKI with QAGen-WIKI. The analy-
sis for the REGULAR-MED dataset is presented
in Appendix E.

5.1 Number of Answers

We analyze the number of answers for each ques-
tion in the MultiSpanQA and REGULAR-WIKI
datasets, as shown in Figure 4. Compared with
the MultiSpanQA dataset, the REGULAR-WIKI
dataset has a higher proportion of questions with
2 answers and a lower proportion with more than
3 answers. This may be because REGULAR ex-
tracts answers with specific topological structures
(i.e. CE), limiting the number of answers.

5.2 Types of Answers

We use SpaCy to analyze the answer types in the
MultiSpanQA and REGULAR-WIKI datasets. Fig-
ure 3 shows the proportion of named entity answers
with top-5 frequencies and non-named entity an-
swers. Surprisingly, we observe that the proportion
of non-entity answers in REGULAR-WIKI was
much higher than in MultiSpanQA. This may be
because both named and non-named entities were
included as nodes during the knowledge graph ex-
traction process. The reason may be that incorpo-
rating more non-named entities as candidate an-
swers helps enhance the diversity of questions and
answers.

5.3 Types of Questions

We further analyze the distribution of question
types in REGULAR-WIKI and MultiSpanQA
datasets. We adopt the categories proposed by Lee
et al. (2023): Simple Questions, Lexical Variation,
Inter-sentence Reasoning, Number of Answers, and
Entailment, where a question may correspond to
multiple types. We sample 200 questions and use



Passage:

Gartrell Johnson ran for two touchdowns and caught a
touchdown pass, leading Colorado State to a 42—34 victory over
Georgia Southern Saturday. Johnson finished with 136 yards on
the ground. Caleb Hanie completed 13-of-16 passes for 244
yards and two touchdowns, and_Damon Morton caught four
passes for 100 yards and a score for Colorado State (2-9)...

Passage:

In 1940, Hanna Maron joined Habimah. During World War II, she
volunteered for the Auxiliary Territorial Service of the British
Army, serving two years before joining the Jewish Brigade's
entertainment troupe. In 1945 she joined the Cameri Theater in
Tel Aviv...

1 Colorado State; Georgia Southern
E Question:
' Who are the people in this passage?

:/Answers (Generated by REGULAR):

E Gartrell Johnson; Caleb Hanie; Damon Morton

! Question:

'.\Who ran for the touchdowns in the Colorado State?

E Habimabh; British Army
! Question:
\ What is Habimah's allegiance?

f/Answers (Generated by REGULAR):

! Habimah, Jewish Brigade

i Question:

i What movement did Hanna Maron join during World War 11?

1
\

Figure 6: Case study. The examples are selected from the QAGen-WIKI and REGULAR-WIKI. We mark answers of
QAGen-WIKI with bold and REGULAR-WIKI with underline. The numbers in the figure represent the percentage.

GPT-4o to classify each question. Detailed defini-
tions of the five types of questions can be found in
Appendix D.

The statistical results are shown in Figure 58.
Compared with the MultiSpanQA dataset, the
REGULAR-WIKI dataset contains fewer Simple
Questions. These questions typically have an-
swers within a single sentence, but the answers
in REGULAR-WIKI are derived from knowledge
graphs and might span multiple sentences. On the
other hand, REGULAR-WIKI contains more En-
tailment questions, perhaps because the generated
questions implicitly contain prior knowledge from
the QG model. Overall, the question distribution
in REGULAR-WIKI is more balanced, suggest-
ing that the REGULAR framework can generate a
wider variety of questions.

5.4 Case Study

We conduct a case study demonstrating that the
REGULAR method can generate better synthetic
datasets. Figure 6 shows examples of questions
and answers generated by QAGen and REGULAR
for the same passage. In the first example, QA-
Gen generates an inaccurate question, "Who is the
host of Gartell Johnson?" Although the question is
grammatically correct, the corresponding answers,
"Colorado State" and "Georgia Southern" do not
match the question. In contrast, REGULAR ex-
tracts three names from the knowledge graph, all
of whom participate in the game, and thus the ques-
tion, "Who ran for the touchdowns in Colorado
State?" is more accurate. Similarly, in the second

8Due to differences in sampling data and evaluation meth-

ods, the analysis results may differ from the results in (Lee
etal., 2023).

example, REGULAR extracts two organizations
Hanna Maron joined during World War II and gen-
erates the corresponding question. These examples
demonstrate that the REGULAR method, by ex-
tracting CE, can generate higher-quality questions
and answers.

6 Conclusion

In this work, we focus on the MSQG task and pro-
pose REGULAR, a framework of relation-guided
Multi-Span Question Generation. REGULAR con-
verts passages into knowledge graphs and extracts
CE as the candidate answers. Then, REGULAR
utilizes a QG model to generate a set of candi-
date questions and a QA model to obtain the op-
timal question. We construct over 100,000 ques-
tions using Wikipedia and PubMed corpora, named
REGULAR-WIKI and REGULAR-MED respec-
tively, and conduct 2-step fine-tuning experiments.
The experiment results show that models pre-fine-
tuned with the REGULAR dataset achieve optimal
performance, indicating that the quality of the REG-
ULAR datasets is higher than other synthetic QA
datasets.

7 Limitations and Future Work

In this work, we utilize LangChain to convert pas-
sages into knowledge graphs. However, this step re-
lies on advanced LLMs (e.g., GPT-40-mini), which
may incur significant costs. Although we assume
that advanced LLMs have mastered the ability to
extract knowledge graphs during their training, we
have not explicitly addressed the potential errors
that may occur. On the other hand, we primarily
focus on generating multi-answer questions. We



do not consider other types of question genera-
tion (e.g., multi-hop reasoning questions, multiple-
choice questions, etc.).

In future work, we plan to improve the ability of
LLMs to extract knowledge graphs with the open-
source LLMs (e.g., Llama, Qwen). Additionally,
we will explore how this method can be applied to
generate other types of questions.
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. average answer average average
#train - #idev number context length question length
MultiSpanQA 5,230 658 2.89 279 10
MA-MRC (10k) | 10,000 1000 2.31 77 10
QUOREF 1,963 215 2.45 431 19
Table 3: Dataset Statistic.
neighbor nodes V' via edges of the same type, or if Value Value
_er . _ Hyper-Parameter
V point to v using edges of the same type, then V' (1st-tune) (2nd-tune)
are considered as CE. Learning Rate 3e-5 3e-5
. Warmup Steps 100 100
B Experlmental Setup Max Steps 15,000 8,000
B.1 MSQA Datasets Training Batch Size 32 8
. . . Max Input Length 512 512
MultiSpanQA (.Ll et a.l., 2022) MultiSpanQA Max Output Length 64 64
focuses on questions with more than one answer.
. Random Seed 1111 1111
The raw questions and contexts are extracted from
the Natural Question dataset (Kwiatkowski et al Epochs > >
’ Optimizer Adam Adam

2019).

MA-MRC (Yue et al., 2023) MA-MRC is a
large-scale dataset containing over 100,000 ques-
tions, including both multi-span questions and
single-span questions. In this work, we randomly
sample 10,000 training data and 1,000 validation
data and obtain MA-MRC-10k for our experiment.

QUOREF (Dasigi et al., 2019) The QUOREF
dataset is sourced from Wikipedia and contains
over 4,700 passages and more than 24,000 ques-
tions. The QUOREF dataset requires the model to
possess certain co-reference resolution and reason-
ing abilities. In this work, we select questions with
multiple answers for our experiment.

Since the official test sets of these datasets are
not public, we report the performance on validation
sets. Some statistics about the four datasets are
shown in Table 3.

B.2 MSQA Models

Tagger (Li et al., 2022) Tagger utilizes BIO tags
to label each token in context: the first token of the
answer is labeled with "B", the other tokens of the
answer are labeled with "I" and the tokens not in
an answer are labeled with "O". In this work, we
use RoBERTa-base ° as the encoder.

SpanQualifier (Huang et al., 2023) : SpanQual-
ifier enumerates all possible answer spans and ob-
tains their corresponding confidence scores as cor-
rect predictions, then utilizes a learnable threshold

9https://huggingface.co/FacebookAI/
roberta-base
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Table 4: Training Hyper-parameters. "Ist-tune" and
"2nd-tune" refer to the first step and the second step of
the 2-step fine-tuning strategy, respectively.

to select the correct prediction spans. In this work,
we also use RoBERTa-base as the encoder.

BART (Lewis et al., 2020) and T5 (Raffel et al.,
2020) : Both BART and T5 are pre-trained mod-
els with encoder-decoder architecture, which are
commonly used in text generation tasks. In this
work, we use the delimiter "#" to concatenate mul-
tiple answers.

B.3 QG Baselines

QAGen (Shakeri et al., 2020) QAGen uses a
generative model to generate questions and an-
swers. In this work, we fine-tune a Llama-3.2-
1B-Instruct to generate questions and answers.

LIQUID (Lee et al., 2023) LIQUID first uses
a summarization model and NER tools to extract
named entities as candidate answers. Then, LIQ-
UID employs a QG model to generate questions,
and the questions and candidate answers are up-
dated through multiple iterations. Lee et al. (2023)
construct two synthetic datasets using Wikipedia
and PubMed corpus. We refer to them as LIQUID-
WIKI and LIQUID-MED, respectively '°.

%We download the LIQUID-WIKI and LIQUID-MED
datasets from https://github.com/dmis-1ab/LIQUID


https://huggingface.co/FacebookAI/roberta-base
https://huggingface.co/FacebookAI/roberta-base
https://github.com/dmis-lab/LIQUID

B.4 Implementation Details

When converting passages to knowledge graphs,
we utilize the LangChain LLMGraphTransformer
' and invoke GPT-40-mini '>. When generating
questions, we select Llama-3.2-1B-Instruct '3 and
conduct Supervise Fine-Tuning (SFT) on Multi-
SpanQA and MA-MRC datasets. When select-
ing the optimal question, we select UnifiedQA-
T5-large'* and fine-tune it on MultiSpanQA and
MA-MRC datasets. Training hyper-parameters are
shown in Table 4.

C Additional Experiment Results

C.1 Main Results with REGULAR-MED

Table 5 shows the results of the 2-step fine-tuning
experiment using the dataset constructed from
PubMed corpus. We observe that REGULAR-
MED achieves the best performance in most set-
tings, which is consistent with the results in Table 1.
Interestingly, despite the domain bias, the perfor-
mance of the model trained with the REGULAR-
MED dataset is quite close to the model trained
with the REGULAR-WIKI dataset (for example,
on the MultiSpanQA dataset, the Tagger model
achieved EM F1 scores of 70.45 and 70.51, re-
spectively). This suggests that during the pre-fine-
tuning phase, the model primarily learns inductive
reasoning abilities, and in the grained-fine-tuning
phase, the model adapts to the domain of the down-
stream task.

C.2 Supervised Fine-Tuning Results

We utilize Llama(Grattafiori et al., 2024) and
Qwen(Qwen et al., 2025) for our experiments.
Specifically, we select Llama-3B!>, Llama-8B!6,
Qwen2.5-3B!7, and Qwen2.5-7B'8, and conduct
both In-Context Learning (ICL) (Brown et al.,
2020) and LoRA (Hu et al., 2021) fine-tuning exper-
iments. For the ICL experiments, we add 3 exam-
ples for each question; For the LoRA experiment,
we set up two fine-tuning strategies: "Original"

11https://python.langchain.com/
12https://openai.com/api/
13https://huggingface.co/meta—llama/Llama—3.
2-1B-Instruct
14https://huggingface.co/allenai/
unifiedga-t5-large
15https://huggingface.co/meta—llama/Llama—3.
2-3B-Instruct
Yhttps://huggingface.co/meta-1lama/Llama-3.
1-8B
"https://huggingface.co/Qwen/Quen2.5-3B
18https://huggingface.co/Qwen/QwenZ.5—7B

and "Merged." "Original" refers to fine-tuning with
the original training data, while "Merged" refers to
replacing 50% of the questions in the original train-
ing data with questions from the REGULAR-WIKI
dataset.

The experimental results are shown in Table 6. It
can be seen that replacing part of the training data
with REGULAR-WIKI leads to some performance
degradation. However, the results still outperform
the ICL experiment, indicating that the REGULAR-
WIKI dataset can be used to train LLMs and en-
hance their performance on QA tasks.

D Definition of the Types of Question

Lee et al. (2023) proposes a category for question
types based on the reasoning required to answer
these questions, listed as follows:

* Simple questions: Questions simply derived
from evidence texts with few lexical varia-
tions.

Lexical variation: Questions created with
lexical variations using synonyms and hyper-
nyms.

Inter-sentence reasoning: Questions that re-
quire high-level reasoning such as anaphora,
or answers that are distributed across multiple
sentences.

Number of answers: Questions that specify
the number of answers, which is a characteris-
tic of a list of questions.

Entailment: Questions that require textual
entailment based on the evidence texts and
commonsense.

E Analysis on REGULAR-MED Dataset

E.1 Number of Answers

We analyze the number of answers for each ques-
tion in the REGULAR-MED datasets, as shown in
Figure 7. The distribution of the number of answers
in the REGULAR-MED dataset is quite similar to
that of the REGULAR-WIKI dataset.

E.2 Types of Answers

We analyze the types of answers for each ques-
tion in the REGULAR-MED datasets, as shown
in Figure 7. The types of answers are different
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MultiSpanQA MA-MRC QUOREF

EMF1 PMFI1 | EMF1 PMF1 | EMF1 PMF1
Tagger 6358  83.62 | 79.69 8750 | 66.77  SL.78
+ QAGen-MED 67.04 8289 | 7948  87.19 | 68.86  82.20
+ LIQUID-MED 67.50 8326 | 8031  87.59 | 7391  85.67
+REGULAR-MED | 7045  84.57 | 8027 8799 | 7589  84.77
SpanQualifier 7158 8350 | 7985 8683 | 6221 7536
+ QAGen-MED 69.81 8326 | 57.68 7374 | 5829  73.02
+ LIQUID-MED 70.76  84.52 | 80.66  87.28 | 7195  80.31
+REGULAR-MED | 7298 83.19 | 8138  88.06 | 7298  83.19
BART-base 6514  80.15 | 7538 8440 | 6630 7538
+ QAGen-MED 66.98 8132 | 7429 8397 | 6197  73.62
+ LIQUID-MED 66.67 8114 | 7584  84.60 | 6724  77.17
+REGULAR-MED | 68.98 8259 | 7588 8528 | 67.44  78.51
T5-base 6924 8293 | 7839 8621 | 6547 7640
+ QAGen-MED 69.81 8326 | 78.89 8632 | 6141  73.25
+ LIQUID-MED 7029  81.83 | 7926 8678 | 67.64  75.94
+REGULAR-MED | 73.09 8519 | 7940 8687 | 67.66  76.23

Table 5: Additional Exact Match and Partial Match F1 scores of the MSQA models. The first line of each MSQA
model refers to the original performance. "QAGen-MED" and "LIQUID-MED" refer to the 2-step fine-tuning
baselines where models are first trained on the PubMed corpus’s synthetic datasets. The best results are in bold.

Llama3-3B Llama3-8B QWen2.5-3B QWen2.5-7B

EMF1 PMF1 | EMF1 PMF1 | EMF1 PMF1 | EMF1 PMF1
Zero-Shot 57.31 75.23 58.41 76.66 59.45 76.24 68.06 82.79
Few-Shot 64.98 80.06 68.73 84.13 65.48 79.90 70.64 84.56
SFT(Merged) | 75.19 87.73 76.61 88.68 73.46 86.08 76.13 88.25
SFT(Original) | 75.69 87.89 77.18 88.97 76.35 88.47 78.58 90.27

Table 6: Supervised Fine Tuning (SFT) on the MultiSpanQA dataset. We employ In-Context Learning (ICL) in
the "Zero-Shot" and "Few-Shot" settings. "SFT(Merged)" refers to fine-tuning with LoRA using both the original
training data and the synthetic data, while "SFT(Original)" refers to fine-tuning with LoRA using only the original

training data.

50 Number of Answers (%)

Types of Answers (%)

60
704 7291 REGULAR-MED
50

60+

40
50
40 { 30
30
2257 207
20
10
10
3.84

0.63 0.05

15.91

REGULAR-MED
47.70

12.20 10.81

6.08 6.08

2.87

56 7-9 =10

Drug

Disease Gene Species  Cell_Type Other Non-Entity

Figure 7: Left: Number of answers in the REGULAR-MED dataset; Right: Types of answers in the REGULAR-
MED dataset. The numbers in the figures represent the percentage.

from the REGULAR-WIKI dataset. This is be-
cause the REGULAR-MED dataset is focused on
the biomedical domain, so the extracted candidate
answers are more likely to be specialized terms.

E.3 Types of Questions

We analyze the question type of each question
in the REGULAR-MED datasets, as shown in
Figure 8. The question type distribution in the
REGULAR-MED dataset is also similar to that of

REGULAR-WIKI, but the proportion of the "Num-
ber" type is higher. This may be because more
numeric terms are included in the generated ques-
tions.
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Figure 8: Types of questions in the REGULAR-MED dataset. The numbers in the figure represent the percentage.

Algorithm 1: Extracting Commonality Entities

Input: G = {V, E'} : Knowledge Graph
Output: CE_list : Commonality Entities List
1 Function ExtractCommonalityEntities(G):

2 CE_list «+ ()
/* Initialize adjacency matrix M of G. */
3 M < adjacency_matrix(G);
/* Find commonality entites with the structure like B+ A — C or B— A+ C. */
4 foreach entity vin 'V do
/* Initialize Groupsi and Groupss as a map. */
5 Groupsi < map();
6 Groupsz < map();
7 foreach entity u in V do
/* If there exists edge from v to u, then M[u][v] > 0. */
8 r1  Mv][u];
9 ro < Mlu][v];
10 if 1 > 0 then
1 | Groupsi[ri] < Groupsi[ri]Um;
12 if 72 > 0 then
13 | Groupss[ri] <= Groupsz[ri] Un;
14 foreach group in Groups, do
/* Add groups with more than 2 elements to C'E_list */
15 if len(group) > 2 then
16 L CE_list < CE_list U group
17 foreach group in Groupss do
18 if len(group) > 2 then
19 | CE_list + CE_list U group
20 return CE_list;
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