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Deep question generation is an important yet challenging NLP task where a multi-step reasoning chain
connecting multiple documents is required to answer the questions. In this paper, we propose a Relation-aware
Transformer with Reinforcement Learning (RTRL) to improve the performance of deep question generation.
Specifically, RTRL first utilizes the relation-aware Transformer to capture both the explicit linguistic and

implicit semantic relations for better text representation. Besides, RTRL utilizes the sentence-level reward in
a reinforcement learning framework to deal with the metric inconsistency between training and evaluation,
and thus improve evaluation metrics with reference questions. Experimental results on the HotpotQA dataset
show that RTRL outperforms baselines, highlighting its effectiveness in generating deep questions.

1. Introduction

The Question Generation (QG) task takes documents and answers
as inputs to generate natural language questions. The questions it
generates can be used to test learners’ knowledge mastery, which plays
a very important role in the field of education. In other fields such as di-
alogue systems [1,2], information retrieval [3,4], and iterative learning
control [5,6], question generation systems can also effectively increase
the size of training data and further enhance model performance for
corresponding tasks. Existing QG works can be categorized into the
Shallow Question Generation (SQG) [7,8] and Deep Question Gener-
ation (DQG) [9,10]. Different from SQG, which assumes the question
can be answered with simple reasoning or text matching, DQG requires
combining disjoint pieces to support the reasoning chain of the deep
question. Although many well-designed neural models [11,12] have
achieved advanced performance on the inverse of multi-hop question
answering dataset [13], these methods still face many challenges. Fig. 1
illustrates a motivating example. We need the information from both
documents ElecTRONica and Disney California Adventure to infer the
deep question with the given answer. There are mainly two issues
that should be considered to capture relevant contents scattered in
multiple documents: (i). How to identify answer-related contents in
documents, which is important to alleviate random generation; (ii).
How to aggregate contents from multiple documents to support the
generation of deep questions.

* Corresponding author.

To tackle these issues, first, we need to extract better contextual
representation by capturing the answer information. As we can see
Document 1 in Fig. 1, the words related to the question are most
likely to be close to the answer, ElecTRONica. Specifically, the bridge
entity, Disney California Adventure, that links the two documents is
also near the answer. These suggest that the location information of
the answer helps to better understand the document and identify the
bridge entity. However, other question generation models do not use
answer information in this way. For example, Pan et al. [9] only
use the answer information on the decoder to initialize the decoding
state. Second, we need to aggregate contents scattered in multiple
documents which is essential to build deep questions. As we can see
in Fig. 1, the underlined coreference cluster containing mention Disney
California Adventure, Disney California Adventure Park, and It, links the
two documents. Besides, most of the relevant words (colored) is in
the sentences where answer or bridge entity are located and can be
parsed through linguistic knowledge, such as dependency parser. These
suggest that linguistic relations, such as coreference and dependency,
are critical to capturing and aggregating relevant content in multiple
documents. However, the previous methods are mostly based on re-
current or convolutional neural networks that are hard to model such
explicit relations.

Motivated by the above issues, we propose a Relation-aware Trans-
former with Reinforcement Learning (RTRL) for deep question genera-
tion to address both issues. We first introduce the relative distance to
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Document 1: ElecTRONica

ElecTRONica was a at Disney California Adventure, part of the Disneyland Resort in
Anaheim, California. Located in the Hollywood Pictures Backlot section of the park, ElecTRONica
premiered on October 8, . The attraction featured music, dancing, beverages and a re-creation of Flynn\
's Arcade from the "Tron" franchise. For a limited time, guests could also watch a sneak preview of the 2010

film "™ in the Muppet*Vision 3D theater. The attraction was discontinued on April 15, , and was
replaced two months later by Mad T Party, another nighttime event based on Tim Burton\'s "Alice in
Wonderland"

Document 2: Disney California Adventure

Disney California_Adventure Park, commonly referred to as Disney California Adventure, California
Adventure, or DCA, is a theme park located in Anaheim, California. It is owned and operated by The Walt
Disney Company through its Parks and Resorts division. The 72 acre park is themed after the history and

culture of California. It also celebrates the fun and adventure of California. The park opened in 2001 as
Disney's California Adventure Park, and it is the second of two theme parks built at the Disneyland Resort
complex, after Disneyland Park.
Question: What was the name of the that ran from -
located in Anaheim, California, owned by The Walt Disney Company?

located at a theme park

Answer: EleccTRONica

Fig. 1. A multi-hop QA sample from the HotpotQA dataset.

the answer location and embed them into the distribution space. Then
we use a bi-directional LSTM encoder to obtain the answer contextual-
ized representation. Similar to network cooperation strategies [14,15],
we propose a relation-aware Transformer which takes both explicit lin-
guistic and implicit semantic relations as cooperators by concatenating
different attention heads to aggregate important contents from multi-
ple documents. The explicit relations are annotated with pre-trained
linguistic parsers while the implicit relations are learned with semantic
similarity. Specifically, we incorporate the explicit relation knowledge
into the self-attention network with mask strategy to constraint in-
formation propagation by utilizing multihead attention strategy for
representation fusion. Different attention heads are then fused to form
the unified representation. Such model design provides more flexibility
for the model to handle diverse structures and information and thus
gain more views to achieve a better understanding. Moreover, we
propose to utilize reinforcement learning to further optimize and fine-
tune the trained model with sentence-level rewards. Such a learning
paradigm can alleviate the exposure bias during sequential decoding
and metric inconsistency between training and evaluation. Therefore,
the model can be directly optimized to fit the desired metrics.
We summarize the main contributions as follows:

+ We propose a deep question generation framework which can
utilize a relation-aware Transformer with both explicit linguistic
and implicit semantic relations.

» We propose to utilize reinforcement learning to optimize the
evaluation metric of questions with mixed rewards directly.

» We have done extensive experiments that verify the effectiveness
of the proposed RTRL model on the HotpotQA dataset.

The remainder of this paper is organized as follows. In Section 2, we
review the related works of question generation, Transformer, and rein-
forcement learning. Section 3 describes the detailed RTRL framework.
Section 4 discusses the experimental settings and results. Finally, the
conclusion and future work are presented in Section 5.

2. Relate work
2.1. Question generation

The question generation task which aims to produce natural ques-
tions based on given documents and answers, plays a very important
role in the NLP field. Early question generation methods were mostly
based on manual-crafted rules and templates [7,16,17], which can pro-
duce accurate and fluent questions without grammar error. However,
these models tend to produce a similar output format which lack of
diversity and scalability.

Recently, question generation has benefited from the rapid develop-
ment of neural networks and deep learning. These methods generally
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utilize the attention-based encoder-decoder framework [2,8,18] for
context encoding and question decoding. Besides, various techniques
are employed to improve the quality of generated questions, such
as answer information incorporation [19-21], wider contexts model-
ing [22-24], question-worthy contents selection [25-27]. However,
most of these models can only generate shallow questions that can be
easily answered by simple text matching.

Inspired by multi-hop question answering [13], research work on
Deep Question Generation (DQG) [9,10] has also received more and
more attention. DQG requires multi-hop reasoning over complicated
input documents to generate more difficult questions. To capture a
better understanding of the complicated inputs, [9,11,28,29] proposed
to transform natural language sequence into text-attributed graph with
linguistic and semantic parser tools. Then they will employ graph
neural networks to model these constructed graph structures which can
capture the long-range dependencies more efficiently. For example, Pan
et al. [9] provided two ways to extract semantic units. One is to ex-
tract predicate-parameter tuples as sub-graphs through Semantic Role
Labeling (SRL), and the elements of the tuples are used as nodes. Edges
will also be introduced if elements of different tuples have an inclusion
relationship or refer to the same entity. The second is to reconstruct
the dependency parse tree component graph of the sentence, such as
removing unimportant symbolic components and merging consecutive
nodes that can form a complete semantic unit. Parse trees of different
sentences are connected by matching similar nodes. To directly opti-
mize the specified evaluation metrics, [10,30,31] proposed to utilize
reinforcement learning with various reward functions. For example,
Gupta et al. [30] proposed a question-aware supporting fact prediction
task as a reward function, guiding the model to better utilize the infor-
mation in all supporting facts to generate multi-hop questions through
reinforcement learning. To alleviate the low-resource challenge of deep
question generation, [32,33] proposed to transfer knowledge from
unlabeled or shadow questions. For example, Yu et al. [32] utilized
neural hidden semi-Markov models to mine structural patterns on large-
scale unlabeled questions, and transfer the mined patterns as prior
knowledge to deep question generation to improve model performance.

2.2. Transformer

Transformer [11,34,35] have attracted increasing attention due to
their flexibility in parallel computation and long-term dependency
modeling. However, no explicit knowledge or positional relations are
used in the original version of the Transformer framework [34]. To en-
hance structural information with prior knowledge, various work [36-
39] have been proposed to incorporate explicit relations into self-
attention module in Transformer, such as linguistic and commonsense
knowledge relation. Some work leverages linguistic knowledge rela-
tion, such as dependency and semantic role labeling, to improve the
effectiveness of the self-attention mechanism. For example, Strubell
et al. [36] presented linguistically-informed self-attention which com-
bines multi-head self-attention with multi-task learning across depen-
dency parsing. Mihaylov et al. [40] dedicated self-attention heads to
explicit discourse and semantic annotations as a bias to finding answers
to questions in longer contexts. Zhang et al. [38] proposed using
syntax to guide the text modeling by incorporating explicit syntactic
dependency of interest design into attention mechanism for better
linguistically motivated word representations. Bugliarello et al. [41]
proposed to incorporate syntactic knowledge into self-attention net-
works which shows consistent and higher translation quality improve-
ments. To enhance the representation ability of multivariate time series,
Xiao et al. [42] proposed a densely knowledge-aware network with a
two-branch network representation strategy where residual multihead
convolutional network and transformer-based network are utilized to
extract local and global patterns respectively. The two-branch views are
then fused with self-distillation. The difference between this method
and ours is mainly the fusion form of different representation views,
where we concatenate different attention masks in the same layer to
further increase information interaction.
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Fig. 2. Overview of our RTRL framework. The input word embedding is concatenated with answer distance embedding. The explicit relations refer to co-reference and constituency

respectively, while the implicit relations refer to the full connections between all word pairs. Finally, the trained model will be fine-tuned through reinforcement learning combined
with cross-entropy and ROUGE-L score as the reward. Notably, WE, ADE, FFN, and SAN refer to Word Embedding, Answer Distance Embedding, Feed-Forward Network, and

Self-Attention Network respectively.

2.3. Reinforcement learning

Reinforcement learning (RL) optimizes discrete decisions making
with cumulative rewards, which has been widely utilized across various
fields, such as robot path planning [43] recommendation systems [44]
computer vision [45] and Natural Language Generation (NLG) [46]. Es-
pecially in NLG, RL can solve the inconsistent problem between training
and inference and the non-differentiable problem of sentence-level loss.
In particular, RL is also utilized to improve the quality of question with
question-related rewards. For examples, Yu et al. [47] introduced a
reinforcement learning optimized graph-to-sequence model to directly
optimize the evaluation metrics, such as BLEU-4, with self-critical
sequence training algorithms. To improve the effectiveness and robust-
ness, Wang et al. [10] applied a multi-reward optimization strategy
to train the model with the mixture loss of BLEU-4 and word movers
distance scores. Xie et al. [31] explored the effectiveness of various
question-specific rewards, such as fluency, relevance, and answerabil-
ity. Besides, they conducted comprehensive analytic experiments in
which the rewards are highly correlated with human judgment. Guan
et al. [48] utilized semantic-rich rewards, such as naturality and dif-
ficulty, which demonstrates the combination of multiple rewards can
further improve the performance in evaluation metrics.

3. Methodology

In this section, we provide a detailed description of the proposed
Relation-aware Transformer with Reinforcement Learning (RTRL) frame-
work. The overall architecture is illustrated in Fig. 2.

3.1. Answer contextualized encoder

First, all input elements x = (x, ..., x,,) are embedded in a distribu-
tional space as w = (wy, ..., w,,). w; is a embedding vector of word x;
stored in a lookup table R!V1*4w, where |V| is the vocabulary size and
d,, is the word embedding size. We represent the input as a matrix W €

R™*dw which is the concatenation of its word embedding. We initialize
word embedding with pre-trained GloVe word vectors [49]. The word
embeddings for words not in GloVe will be initialized randomly.

Since we observe that the words related to the question are most
likely to be close to the answer, we embed the relative distance of each
word to the answer to guide the model to capture relevant content.
Therefore, we can represent the input x in another distribution space
as p = (pg,.--sPp)- Pj € R% is the answer distance embedding vector
which is embedded by the relative distance of word x; to the answer
span. By adding the embedding of each word with corresponding an-
swer distance embedding, we can obtain the answer-aware embedding
for the input x as follow:

E(X)=[w, +pps... . Wy + P, € R™w (@)

Relative position embedding is critical for question generation since
they specify our model to ask specific answers about the documents.

To learn answer contextualized word embedding, we utilize a bi-
directional LSTM [50] to capture the contextual information from
both forward and backward direction by feeding the answer-aware
embedding E(x).

{hy,....h,} = BILSTM({t} + py. .. )

where h; are the contextualized word embedding concatenated by the
forward and backward hidden states in jth step. Therefore, we can
build an answer contextualized embedding for each word based on the
entire input text and the target answer.

Wy + Py })

3.2. Relation-aware transformer

Similar to the origin Transformer network, each relation-aware
Transformer block also has two modules. First, the self-attention mod-
ule allows the model to capture long-term dependencies, assigning
higher weights to more relevant parts of the token sequence. The single-
head self-attention layer is propagated with the scaled dot-product
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attention as following:

oK"

ATTN(Q, K, V) = Softmax( 4 3

where Q, K, and V are abbreviation of Query, Key and Value which are
calculated with the following linear transformations respectively:

Q:H~WQ
K=H wk 4
V=H wV

where W2 e R¥do, WK e RIxdk and WV e R9I%dv, 4 is the
dimension of the input vector H. dy, dg, dy, refer to dimension of the
output vectors Q, K, and V respectively. H is the hidden states from the
previous layer. Specifically, the attention score between hidden states
h; and h; in k-th head is calculated as following:

o = L, W@, WK 5)

1] \/g
The default single-head self-attention network can learn the implicit
relation between all word pairs.
To learn the explicit relation with linguistic knowledge, We modi-
fied Eq. (5) to calculate the attention score between hidden states h;
and h; in k’-th head as follows:

s 1
o = ﬁ(h,mf)(h W+ (6)
0, if (,j)eR
b = " ”
J —inf, otherwise

where R refers to co-reference and constituency relations which are
annotated with pre-trained linguistic parser and discussed in .

To aggregate the information with both explicit and implicit rela-
tions, we apply a multi-head attention network to fuse representations
as follows:

ATTN,,(Q,K,V) = [Head,; --- ; Head ;] - W (8)

where H is the head number, W € RH*dvxd is the trainable parameter
matrix of a feed-forward neural network, Head; = ATTN(Q,K,V),
dx and dy refer to the dimension size of the key and value vector
respectively.

The other module is the position-wise Feed-Forward Network (FFN)
which contains two linear layers and a non-linear RELU activation layer
in between to each position separately and identically.

FFN(x) = ReLU(x - W, + b)) - W; + b, ©)

where W, W,, b,, and b, are trainable parameters.

Each relation-aware Transformer layer can propagate information
from word to word with explicit or implicit relation for one-hop. By
stacking the relation-aware transformer multiple layers, each word can
attend over information up to multiple hops away. Besides, we adopt
the gate mechanism [51] with Gated Recurrent Unit (GRU) [52] to fuse
information with different hop mechanism as follow:

h = GRUG/, x) (10)

where x/, y' are the input and output of /-th Transformer layer respec-
tively. A’ is the fused hidden states in /-th layer and A° is the answer
contextualized representation.

3.3. Reinforcement learning

The supervised training of question generation task aims to maxi-
mize the likelihood of each successive word in the ground-truth ques-
tions, which is optimized with the word-level cross-entropy loss over
the target vocabulary given the paragraph X and gold history of
question words Y, as follows:

£SL =- ZlOg Pfinal(y;ﬁ) an
1
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However, this training strategy can cause exposure bias [53] be-
cause we use partially generated words instead of golden history words
to infer the next word during testing. Besides, the word-level objective
function does not match the sequence-level evaluation metrics, so that
our model cannot be trained to an optimal solution.

To address the above issues and directly optimize our question
generation system with question-related metrics, we transform the
generative model into a reinforcement learning task for optimization
as in [53]. In this paper, we use the REINFORCE algorithm [54] which
enables us to train at the sequence-level using any user-defined and
non-differentiable reward functions. Besides, we follow the self-critical
sequence training strategy [55] which incorporates a baseline decoded
by greedy search to reduce the variance of gradient estimate in the
REINFORCE algorithm.

Lrp = (YY) = (Y2, Y)Y log Pina () 12)
t

where r refers to the reward function which measures the n-gram
similarity of the input sentence-pair, Y* and Y’ are the generated
questions by multi-nomial sampling and greedy decoding of the final
distribution Py, respectively, Y* is the human annotated question.

We then fine-tune our generative model with a mixed loss function
via linearly combination as follows:

Liixed = Lsp + LRy 13)

where 4 is a hyperparameter that balances the importance of word-level
supervised loss £; and question-level reinforced loss Lg; .

4. Experiments

We evaluate RTRL on HotpotQA [13], a challenging multi-hop
question answering dataset. All experiments are conducted in PyTorch
framework on a single Tesla V100.

4.1. Experiment setup

Dataset. The HotpotQA dataset [13] contains over 113K Wikipedia-
based question—-answer pairs where answering each question requires
reasoning on multiple supporting facts. Following the similar pre-
processing procedures in [9], we concatenate the supporting facts and
the sentences which overlap with the ground-truth question as the
input context. For efficient training, we remove the examples where
the document length is longer than 200 tokens or the question length
is longer than 50 tokens. Finally, the processed dataset contains 87,686
training examples and 6,948 testing examples respectively.

Relation Annotations. We mainly consider two linguistic rela-
tions including coreference resolution and constituency parsing, which
can resolve the reasoning relations between and inside evidence re-
spectively. (i). Coreference resolution aims to cluster all linguistic
expressions referring to the same entity, which plays a very important
role in multi-hop reasoning. To annotate relations across multiple doc-
uments, we utilize the pre-trained co-reference resolution model [56]
based on SpanBERT embeddings [57]. The words inside each cluster are
fully connected, and there is no connection between other word pairs.
(ii). Constituency parsing aims to hierarchically organize a sentence
into phrasal constituents with context-free grammar. Similar to [38],
we adopt a constituency parser with head-driven phrase structure gram-
mar [58] based on ELMo embeddings [59] to annotate the constituency
relation. All the pre-trained models are publicly available in AllenNLP
demos.!

Hyperparameters. The embedding dimension of the word vector
is set to 300. The answer tagging indicators are embedded in 3-
dimensional vectors. We use a two-layer stacked BiLSTM with a hidden

1 https://demo.allennlp.org
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size 768 for the encoder, and a single-layer undirected LSTM with
a hidden size 768 for the decoder. The relation-aware Transformer
consists of 3 stacked layers with the hidden size being 768 and the
number of attention heads being 8. The dimensionality of the inner
feed-forward layer is 2048. The dropout with probability p = 0.3 is
applied to the LSTM stacks and the attention module.
Implementation Details. During training, word vectors are initial-
ized with GloVe [49]. The word vectors of words that are out of the
vocabulary of GloVe are initialized randomly. The rest model param-
eters are initialized using Xavier [60]. We utilize the gradient descent
algorithm by the Adam [61] optimizer. The learning rate is initialized
as 0.00025. We set the mini-batch size as 64 and the maximum training
epoch number as 20. During inference, we generate questions with
beam search and set the beam width as 10. The decoding stops when
generates the end token <EOS> or achieves the maximum decoding
steps which is set to 50 in this paper. In order to prevent the generation
of too short and meaningless, we set the minimum decoding steps as 6.
Evaluation Metrics. We employ BLEU [62], ROUGE-L [63], and
METEOR [64] to measure the quality of generated questions since these
metrics are widely used in many natural language generation tasks,
including the deep question generation task in this paper. All these
metrics are the higher the score, the better. Besides, these metrics
correlate to the human judgment of generated questions and thus are
appropriate to evaluate the performance of question generation models.

4.2. Baselines

We have compared our proposal with the following representa-
tive baseline methods: 6 classical baselines widely used in single-
hop question generation (Seq2seq-Attn [8], NQG++ [19], ASs2s [20],
S2s-at-mp-gsa [22], CGC-QG [26], IGND [65]), 6 baselines specially
designed for deep question generation (SRL-Graph [9], DP-Graph [9],
Strong Transformer [11], MulQG [28], ADDQG [10], CQG [12]), and
2 pre-trained language models: (UNIiLM [66], BART [671]).

Seq2seq-Attn [8]: Seq2seq-Attn is a widely used baseline method
in many natural language generation tasks with sequence input
and sequence output. Here, we use LSTM for both input and
output sequence modeling. The attention mechanism is used for
dynamic context modeling.

NQG++ [19]: NQG++ tasks answer position tagging and lexical
features as additional word-level feature embedding to enhance
the answer and syntactic representations. Besides, NQG++ uti-
lizes copy mechanism to deal with unknown or rare words by
copying words from input directly.

S2s-at-mp-gsa [22]: S2s-at-mp-gsa proposed gated self-attention
to process long paragraph which enables the model to select
relevant content and filter noise more efficiently.

ASs2s [20]: ASs2s replaces the answer in paragraph with special
tokens to prevent information leaking and utilized a keyword
network for answer encoding to guide the question generation.
CGC-QG [26]: CGC-QG proposed a content selection task to iden-
tify which word to copy or generate. The identified results are
utilized as an additional feature which is embedded and concate-
nated with word embedding as input.

IGND [65]: IGND utilized graph neural network to model the
rich structure information of previously generated text and copied
words iteratively during the decoding.

SRL-Graph [9]: SRL-Graph utilized the semantic role labeling of
answer-aware supporting facts to build the semantic graph and
employed a gated and attention-based graph neural network to
fuse the graph representation.

DP-Graph [9]: DP-Graph is a variant of SRL-Graph where the
semantic graph is constructed with dependency relation.
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+ Strong Transformer [11]: Strong Transformer introduced a graph-
augmented transformer encoder to leverage relations between
entities in the text. We report the version trained with negative
log-likelihood.

MulQG [28]: MulQG proposed a graph convolutional network
based fusion network to aggregate the scattered evidences for
question generation which requires multi-hop reasoning over dif-
ferent documents.

ADDQG [10]: ADDQG proposed a gated connection layer to
incorporate answer information for the initialization of the de-
coder. Besides, both syntactic and semantic rewards are utilized
to optimize the evaluation metrics of generated questions directly.
CQG [12]: CQG proposed a controlled generation framework with
key entities extractor and flag tag which ensures the complexity
of the generated question.

UNiILM [66]: UNIiLM is a unified language model for both un-
derstanding and generation which has also achieved great perfor-
mance in question generation tasks.

BART [67]: BART is a denoising autoencoder that is pre-trained
by the corrupted document reconstruction with diverse noise
transformations.

4.3. Main results

The performance of the baseline and RTRL on the deep question
generation is presented in Table 1. Bold and underlined values indicate
the optimal and suboptimal scores, respectively. By comparison, we
have the following observations:

» RTRL surpasses the baselines regarding all metrics, demonstrat-
ing that the proposed method can generate more deep-aware
questions by incorporating linguistic knowledge and a reinforce-
ment learning framework. We have conducted a t-test on BLEU-4
and the results show that the improvement is statistically sig-
nificant (p-value < 0.01). Compared to the best baseline CQG,
RTRL achieves absolute improvements of 0.89 and 5.25 points in
BLEU-4 and ROUGE-L metrics.

Compared to the vanilla model Seq2Seq+Attn, the other meth-
ods that utilizes answer information, whether it is answer posi-
tion embedding [19,22,26], separate answer encoding [20], or
answer-aware decoder initialization [9,10], perform significantly
better. It suggests that incorporating answers indeed improves the
quality of generated questions.

Compared with models designed for shallow QG, models designed
for deep QG, such as SRL-Graph, DP-Graph, and ADDQG, all
propose to utilize relation based on linguistic knowledge and have
achieved much better performance. This indicates that the effec-
tive use of linguistic relations between multiple documents has
significantly improved the reasoning over the complex question
generation task.

4.4. Ablation studies

In this section, we empirically show the effectiveness of the pro-
posed RTRL framework. For this ablation study, we first conduct an
ablation experiment on reinforcement learning and then ablate the
major components of the overall network architecture. The detailed
ablation results are presented in Table 2.

Effectiveness of Reinforcement Learning. We experimentally ver-
ify that utilizing reinforcement learning allows for better optimization
for deep question generation with sentence-level metrics than tradi-
tional word-level cross-entropy objective functions. Compared to the
variant without reinforcement learning (-w/o RL), the overall model
has an improvement of 0.62 in BLEU-4, 1.05 in ROUGE-L, and 0.11
in METEOR, showing the contribution of reinforcement learning for
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Table 1
Automatic evaluation results on the HotpotQA dataset.
Model BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE-L METEOR
Seq2Seq+Attn 32.97 21.11 15.41 11.81 33.48 18.19
NQG++ 35.31 22.12 15.53 11.50 32.01 16.96
ASs2s 34.60 22.77 15.21 11.29 32.88 16.78
S2s-at-mp-gsa 35.36 22.38 15.88 11.85 33.02 17.63
CGC-QG 31.18 22.55 17.69 14.36 40.94 25.20
IGND 41.22 24.71 18.99 16.36 38.34 24.19
UNiLM 42.37 29.95 22.61 17.61 40.34 25.48
BART 41.41 30.90 24.39 19.75 36.13 25.20
SRL-Graph 40.40 26.83 19.66 15.03 36.24 19.73
DP-Graph 40.55 27.21 20.13 15.53 36.94 20.15
Strong Transformer - - - 20.02 39.49 22.40
MulQG 40.15 26.71 19.73 15.20 35.30 20.51
ADDQG 44.34 31.32 22.68 17.54 38.09 20.56
CQG 49.71 37.04 29.93 25.09 41.83 27.45
RTRL 52.12 39.04 31.40 25.98 47.08 26.37
Table 2 Table 3
Ablation study of the proposed RTRL on the HotpotQA dataset. Sensitive analysis of the number of Transformer blocks.
Model BLEU-4 ROUGE-L METEOR Layer Number BLEU-4 ROUGE-L METEOR
RTRL 25.98 47.08 26.37 1 24.47 45.52 25.87
RTRL (-w/o0 RL) 25.36 45.93 26.26 2 24.83 45.63 25.54
3 25.36 45.93 26.26
-w/o Answer Contextualized Encoder 14.59 35.53 20.94 4 24.51 45.72 25.47
-w/o Relation-aware Transformer 24.23 45.31 25.63
-w/0 Relation-aware Mask 24.60 45.74 26.07
Table 4
Human evaluation results.

o o . . . Model Fluency Relevance Answerability
alleviating metric inconsistent. It is clearly evidenced that the further NQG++ 312 296 285
incorporation of the RL component produces the highest increase in DP-Graph 358 379 3.34
the ROUGE-L score. Such results are as expected since it fine-tunes the CQG 413 3.83 3.57
RTRL backbone network and directly optimizes the ROUGE-L score as RTRL 4.35 4.14 4.07

the reward.

Effectiveness of Answer Contextualized Encoder. This model
variant removes both the answer distance embedding and the BiLSTM
contextualized encoder, and directly feeds the word embeddings into
the transformer network. We can see that the performance of RTRL
drops significantly from 25.36 to 14.59 in BLEU-4 compared with the
model without Answer Contextualized Encoder. Specifically, this is
because the relative distance to the answer can help the model capture
the relevant content about what to ask. Besides, the BiLSTM can capture
document representations that contain sequence structure and answer
information through forward and backward propagation. And because
of the sequence propagation characteristics of LSTM, the closer the
word is the answer in sequential distance, the greater the influence
of the answer, which also helps the model focus on the local context
centered on the answer.

Effectiveness of Relation-aware Transformer. This model vari-
ant removes the relation-aware transformer module and utilizes the
output of BIiLSTM as the final encoder features for attentive decod-
ing. We can see the relation-aware Transformer module has achieved
1.13 point improvement in BLEU-4. Compared with the vanilla trans-
former (-w/o linguistic relation), the performance drops from 25.36
to 24.60 in BLEU-4, which demonstrates the effectiveness of utilizing
linguistic relations for multi-hop reasoning. This is because the relation-
aware transformer can model both explicit linguistic relations and
implicit relations between token pairs. Besides, the stacked relation-
aware transformer can attend over information up to multiple hops
away. The combined utilization of answer and relation enables the
proposed model to generate better deep questions.

Effectiveness of Relation-aware Mask. Given the vanilla Trans-
former, we explore the effectiveness of the explicit relation mask for
deep question generation. Compared to the RTRL (-w/o RL), the perfor-
mance drops from 25.36, 45.93, and 26.26 to 24.60, 45.74, and 26.07
in BLEU-4, ROUGE-L, and METEOR respectively. The result confirms
that the incorporation of explicit linguistic knowledge is important to
deep question generation.

4.5. Sensitive analysis of transformer layers

To evaluate the sensitivity of Transformer layers, we explore several
variants with layer numbers varying from 1 to 4. As shown in Table 3,
we can see the BLEU-4 score increases up to a threshold as the Trans-
former layer number increases from 1 to 3. Besides, all these metrics are
better than the baseline which removes the relation-aware Transformer
(shown in Table 2). This confirms the effectiveness of the proposed
relation-aware Transformer block for deep question generation in a
certain range. When the number of layers further increased to 4, we
observed a decrease in performance. This may be overfitting caused by
an increase in parameters.

4.6. Human evaluation

To evaluate the generated questions in more human-aligned metrics,
a human evaluation study has been conducted by scoring models with
human annotators. We randomly select 100 samples from the test
dataset. Given the input context and answer, we present the deep
questions generated by the baselines and RTRL; and then employ three
educated volunteers to score the generated questions in three metrics:
fluency, relevance, and answerability, respectively. Scores range from
1 to 5, with higher being better. The description of three manual
metrics is as follows: (1) fluency measures whether the questions follow
the right grammar; (2) relevance measures whether the questions are
relevant to the contexts; and (3) answerability measures whether the
questions are answerable according to the given contexts.

Table 4 presents the human evaluation results. The key observations
can be summarized as follows:

» RTRL significantly outperforms all baselines in terms of fluency,
relevance, and answerability, indicating that RTRL is capable
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of producing more reasonable and high-quality questions. On
the one hand, this performance improvement is because our
model architecture uses answer distance embedding and linguistic
knowledge to enhance the interaction between answer informa-
tion and context. On the other hand, reinforcement learning can
directly optimize evaluation metrics.

By comparing Tables 1 and 4, we can see that the performance
rankings of different models are the same in both automatic and
manual metrics. This conclusion shows that there is a certain
positive correlation between the two. The reason is that ground-
truth questions score very high in manual metrics, and thus the
model can also achieve higher manual metrics scores while the
model is optimized to approach ground-truth questions.

Overall, these model have the highest fluency score, followed by
the relevance score, and the lowest answerability score, which
illustrates the difficulty of generating answerable questions. Our
model RTRL improves the performance by 5.33%, 8.09%, and
14.01% compared to the best baseline CQG in fluency, rele-
vance, and answerability respectively. This difference in perfor-
mance improvement is reflected in the fact that the baseline
model has already achieved good performance in fluency and
relevance on the one hand, and on the other hand reinforcement
learning can directly optimize the objective function through the
sentence-level rewards.

5. Conclusion and future work

In this study, we have proposed a relation-aware Transformer with
reinforcement learning for deep question generation. Specifically, we
employ an answer contextualized encoder with relative answer distance
embedding to enhance answer-related representation and relation-
aware Transformer to unify both explicit linguistic relations and im-
plicit semantic relations to enhance the understanding of multiple
document contexts. We further apply the reinforcement learning frame-
work with sentence-level rewards to improve the evaluation metrics
of generated questions. We have conducted extensive experiments on
the HotpotQA dataset which illustrates the superiority of the proposed
RTRL in deep question generation in terms of both automatic and
manual evaluation.

Currently, the explicit linguistic relations are annotated with pre-
trained parsers which means the whole training from scratch is not a
complete end-to-end fashion. In future work, we aim to explore graph
structure learning to discover the latent structures automatically and
investigate more effective ways to model the rich structure information.
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