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Abstract: As the dual task of question answering, question generation (QG) is a significant and challenging task that aims to generate valid and fluent questions from a given paragraph. The QG task is of great significance to question answering systems, conversational systems, and machine reading comprehension systems. Recent sequence to sequence neural models have achieved outstanding performance in English and Chinese QG tasks. However, the task of Tibetan QG is rarely mentioned. The key factor impeding its development is the lack of a public Tibetan QG dataset. Faced with this challenge, the present paper first collects 425 articles from the Tibetan Wikipedia website and constructs 7,234 question–answer pairs through crowdsourcing. Next, we propose a Tibetan QG model based on the sequence to sequence framework to generate Tibetan questions from given paragraphs. Secondly, in order to generate answer-aware questions, we introduce an attention mechanism that can capture the key semantic information related to the answer. Meanwhile, we adopt a copy mechanism to copy some words in the paragraph to avoid generating unknown or rare words in the question. Finally, experiments show that our model achieves higher performance than baseline models. We also further explore the attention and copy mechanisms, and prove their effectiveness through experiments.
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1  Introduction

Aiming at generating specific answer-related questions from a given text, question generation (QG) is a basic and important task in the natural language generation community. With a wide range of applications, QG has attracted much attention from industrial and academic communities. The QG task can not only extend the corpus of question answering systems, but also be applied in many fields such as dialogue systems, expert systems, and machine reading comprehension [1]. Based on the form of the input text, QG can be categorized into two types: sentence-level QG and paragraph-level QG. The inputting information of the former is a sentence, while that of the latter is a paragraph. Compared with sentence-level QG, paragraph-level QG contains much richer text information.

Early works on QG tasks were mainly based on templates and rules [2,3]. These works transformed the input text into a question by complex question templates and linguistic rules crafted by humans. However, such methods heavily rely on manual rules and professional linguistic knowledge, and thus cannot be directly adapted to other domains. Recently, with the advancement of deep learning, researchers have begun to adopt neural network approaches to solve this problem [4–6]. Different from the template-based or rule-based methods, the deep learning method does not require complex question templates or rules. Therefore, researchers no longer pay attention to design question rules and templates, but concentrate on training an end-to-end neural network. At the same time, the models based on the deep learning method have a good generalizability, and can be easily applied to different domains. However, most QG works have been applied to English or Chinese tasks. For low-resource languages such as Tibetan, few relevant experiments have been conducted. Two main factors hinder the development of Tibetan QG: (1) there is no large-scale public Tibetan QG dataset; and (2) with complex grammar, most QG models have difficulty understanding the Tibetan sentence. Thus, it is difficult to achieve satisfactory results.

To address these issues, this study proposes a Tibetan QG model to generate valid and fluent question sentences. Our model takes a paragraph and a target answer as input. Different from other text generation tasks, our model aims to (1) generate questions that can be answered from a paragraph, and (2) generate fluent questions. Specifically, to achieve the first goal, our model needs to incorporate the target answer’s position information and capture the key information in the paragraph. To achieve the second goal, we need to avoid generating rare or unknown words. Considering both goals, we adopt an attention mechanism and copy mechanism. Our contributions to the literature are three-fold:

1.    To solve the problem of Tibetan QG corpus shortage, we construct a high-quality Tibetan QG dataset.

2.    To generate answer-aware questions, we adopt an attention mechanism to help the model encode the answer-aware paragraph.

3.    To avoid generating unknown/rare words, we adopt a copy mechanism to copy some words from the paragraph.

2  Related Work

Question generation requires the system to generate fluent questions when given a paragraph and a target answer. Early works have focused on template-based methods, and mostly adopt linguistic rules. Under this scenario, researchers have spent a considerable amount of time designing the question rules and templates, and then transforming the input text information into a question. Heilman et al. [7] proposed a method to generate a large number of candidate questions. They matched the text with complex question templates and rules designed by humans. Finally, they sorted out the generated questions and selected the top questions. However, designing the question rules and templates were time-consuming. To solve this problem, Mitkov et al. [8] proposed the semi-automatic method: they began by using some simple natural language processing tools, such as the shallow semantic analysis tool, named entity recognition tool, and part-of-speech tagging tool, to better understand the input text. Their work shortened the development time, but the natural language processing tools introduced some errors. Therefore, the quality of questions generated by their system could not be guaranteed. To generate high-quality questions, Mostow et al. [9] expanded the question templates and rules by summarizing many question structures. At the same time, Labutov et al. [10] regarded the QG task as an “ontology crowd-relevance” workflow. They firstly represented the original text as a low-dimensional ontological space, and then generated questions by aligning question templates and rules. The aforementioned works all converted paragraphs into questions through question templates and rules. Moreover, these works all followed three steps: sentence processing, template and rule matching, and question sorting. Thus, the performance of these systems heavily depends on the quality of the rules and templates. Additionally, these rule-based methods are difficult to apply in other domains.

Recently, deep learning methods have achieved remarkable performance on QG tasks. Deep learning methods do not require researchers to design complex question templates and rules. However, they do require a large amount of labeled data to train the model. Existing English and Chinese QG models are based on the sequence to sequence framework [11–14]. Serban et al. [15] and Du et al. [16] used two different recurrent neural networks (RNN) to encode and decode the input text. However, they did not consider that some sentences would not generate valuable questions. Thus, Du et al. [17] proposed a high-level neural network to identify which sentences in the paragraph were worth asking questions. Finally, they used these sentences to generate more questions, and the F1 value reached 79.8%. However, the aforementioned works did not have any restriction on the generated questions, and the questions could not be answered after reading the paragraph. To generate answer-aware questions, Zhou et al. [18] proposed a method to integrate answer position information. Their model not only took the original text as input but also considered the position information of the answer in the text. Finally, the experimental results proved the effectiveness of their model: they achieved 13.29% BLEU-4. Kim et al. [19] found that the generated questions would contain the answers. They inferred that the sequence to sequence model would overlearn some paragraph information, and thus proposed the answer masking method, which replaced the answer with a special label in the original text. They obtained 43.96% ROUGE-L on the Stanford Question Answering corpus (SQuAD) [20]. However, their method required a large-scale training corpus. To solve this problem, Song et al. [21] proposed a matching strategy to enhance the performance of the model. They utilized three different strategies (fully matching, attention matching and maximum matching) on the SQuAD dataset, and found that the full matching attention mechanism reached 42.72% ROUGE-L, and demonstrated higher performance than other strategies. Subsequently, Zhao et al. [22] adopted gated attention and a maxout pointer network in the encoder stage, and achieved 44.48% ROUGE-L. Note that the above works were all based on the English QG task.

As a minority language in China, Tibetan has a complicated grammatical structure. Tibetan is a Pinyin language, and the smallest unit of a Tibetan word is a syllable. Some words also have some changes in syllables, which means that the QG model must have a deep understanding of Tibetan text. Due to the particularity of minority languages, there are few studies on the Tibetan automatic question generation. Ban et al. [23] analyzed the Tibetan interrogative questions from a linguistic view. Similarly, Sun [24] analyzed the difference between questions and paragraphs. While these works were not related to automatic question generation tasks, they did provide the correct forms of Tibetan questions. In an attempt at Tibetan sentence-level question generation, Xia et al. [25] proposed a semi-automated method to generate questions; however, their work required human participation. To achieve automatically generated questions, Sun et al. [26] combined generative adversarial networks (GANs) [27] with reinforcement learning to automatically generate Tibetan questions. They achieved 6.7% higher than baseline methods on BLEU-2, but it took a long time to train the QG model.

3  Model Structure

3.1 Task Definition

For each sample data in our dataset, our goal is to generate answer-aware questions Q̃ from a paragraph. Given a paragraph and a target answer, we first embed the paragraph and answer into two sequences P={p1,p2,p3,…,pn} and A={a1,a2,a3,…,am}, respectively. Next, the QG task can be defined as in Eq. (1).

Q̃= argQmaxprob(Q∣P,A)(1)

Therefore, our goal is to find the best Q̃. Different from the traditional sequence to sequence model, the word in the generated question is not only from the dictionary but also from the paragraph sequence P.

3.2 The Overall Framework

In this section, we briefly introduce our model for the Tibetan QG. The overall framework, which can be roughly divided into two parts, is shown in Fig. 1.
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Figure 1: Framework of proposed model

1.    Encoding stage. In this stage, the Tibetan paragraph and the target answer are segmented into word sequences through word segment tools [28], and these sequences are sent to the neural network to be encoded. To ensure that the generated question is related to the given answer, the attention mechanism is used to aggregate the key information related to the target answer. Finally, we can obtain the answer-aware paragraph representation.

2.    Decoding stage. The decoder is used to decode the answer-aware paragraph representation and generate questions. To avoid generating unknown or rare words in the question, we adopt a copy mechanism to copy some words from the paragraph.

4  Model Details

4.1 Paragraph and Answer Encoding

Different from the traditional sequence to sequence model, we use two different neural networks to separately encode the paragraph and answer. In order to obtain context information, this study adopts a bi-directional long short-term memory network (BiLSTM) [29] to encode questions and answers. Assuming that there is a paragraph sequence q={q1,q2,q3,…,qm} with m words, the paragraph embedding can be calculated as follows:

vt=LSTM(vt-1,[qt,pt])(2)

where vt presents the RNN hidden state at time step t, qt is the word embedding of the tth word in a paragraph, and vt −1 is the previous RNN hidden state. Because it is important to generate an answer-aware question, we need to incorporate the answer’s position information. pt is the answer tagging sequence of whether the word qt is inside or outside the answer. [qt,pt] represents the concatenation of word embedding and answer tagging embedding. Finally, each word in the paragraph can be represented by v={[vt→,vt←]}M.

To avoid the influence of irrelevant information when encoding answer sequences, we use another BiLSTM to encode the target answer sequence:

ut=LSTM(ut-1,at)(3)

where ut −1 is the RNN hidden state at time step t −1, and at is the word embedding in the answer A. Finally, the final answer embedding is represented by u={[ut→,ut←]}. In this study, we use GloVe to embed the original text [30].

4.2 Interaction of Questions and Answers

Attention mechanisms are widely used in natural language processing tasks [31,32]. They allow the model to dynamically assign weights to different information. The model will pay more attention to words with greater weights. For the QG task, paragraphs contain a lot of information, but there may be some noise information as well. Therefore, the model must filter out the noise information. We introduce the attention mechanism to determine which word is important, and the answer-aware paragraph encoding can be described as follows:

Su=VT tan(W1vt+W2ut)(4)

where VT, W1, and W2 are weight matrices, and the matrix Su is the weight of each word in the paragraph. Next, we normalize Su by using the softmax function as shown in Eq. (5).

au∝ exp(Su)(5)

Next, we calculate the weight of every word in the paragraph as follows:

Mt=vt⋅au(6)

where au represents the weight factor, and Mt is the final paragraph context embedding.

4.3 Decoder

After the encoding stage, we obtain a rich semantic paragraph representation. Next, similar to other sequence to sequence models, we use another LSTM network to decode the hidden state. Additionally, to avoid generating unknown or rare words, we allow the decoder to copy some words from the paragraph. We use an LSTM network to decode the hidden vector as shown in Eq. (7):

St=LSTM(Wt-1,St-1)(7)

Here, St presents the current hidden state at time t, St −1 is the previous hidden state, and Wt −1 is the previously generated word. Next, we employ the attention mechanism in the paragraph. We need to calculate the weight distribution matrix between the paragraph and the hidden state. This step is illustrated in Eqs. (8) and (9).

et,i=Mt⋅W3⋅St-1
(8)

αt=softmax(et)
(9)

Here, W3 represents the weight matrix and can be trained from the network, and αt is the attention distribution of paragraph words. According to the attention distribution, we can obtain the contextual representation of the paragraph by

ht*=∑i=1nαtiMi(10)

where ati represents the attention score between the ith word in the paragraph and answer at time t. Mi is ith word representation in the paragraph, and is the output of the encoder. Next, the probability of the word generated by the decoder can be calculated as follows:

Pvocab=softmax(W4[ht*,St])(11)

where W4 is the trainable weight matrix. We find that the question contains some words in the paragraph. Motivated by the above observation, we adopt a copy mechanism to copy some words in the paragraph. Next, we need to calculate the probability of copying a specific word. The copying probability can be calculated as follows:

λtcopy=σ(W5ht*+W6St)(12)

where W5 and W6 are the trainable weight matrices, h* is the context vector, St is the previously generated hidden state vector, and σ is the Sigmoid function that transforms the real number into a probability value. Then, the probability distribution of words in the paragraph can be calculated by using the sum of all weights of the related words, as shown in Eq. (13).

Pcopy(w)=∑i=1nαti*I{w==wi}(13)

Finally, the probability of the generated word is a weighted sum of two ways:

Pfinal=λtcopypcopy(w)+(1-λtcopy)pvocab(w)(14)

5  Experiments and Analysis

5.1 Dataset

Considering the lack of a public Tibetan QG corpus, we collected a large number of Tibetan knowledge Wikipedia articles. These articles cover numerous domains such as science, literature, biology, and education. Next, we invited Tibetan native speakers to write down questions and corresponding answers when they read a paragraph. Finally, we obtained 7,234 Tibetan question-and-answer pairs. The specific format of Tibetan data is shown in Tab. 1. The UUID of each question-and-answer pair is unique.

Table 1: Sample from the Tibetan QG corpus
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5.2 Evaluation

To better evaluate the performance of our model, this paper uses two metrics: BLEU-2 and ROUGE-L. BLEU-2 adopts the 2-gram language model to match the gold question. The 2-gram model can be calculated as follows:

CPn=∑i∑k min(hk(cj),maxj∈mhk(sij))∑i∑khk(ci)(15)

where sij represents the gold question, cj represents the question generated by the model, hk(cj) is the occurrence frequency of the word Wk in the generated question, and hk(Sij) is the occurrence frequency of word Wk in the gold question Sij. However, the 2-gram model may encourage the generation of short sentences. In order to solve this problem, the researchers introduce a length penalty factor:

b(C,S)={1lc<lse1-lslclc≥ls(16)

where lc represents the length of the generated question, and ls is the length of the effective words. Finally, the calculation of BLUE-2 is as expressed in Eq. (17).

BLUE=b(C,S)exp(∑n=12ωn logCpn(C,S))(17)

ROUGE-L is a method based on the longest common subsequence. It can be calculated by Eqs. (18)–(20).

Rlcs=LCS(X,Y)len(Y)
(18)

Plcs=LCS(X,Y)len(X)
(19)

Flcs=(β2+1)RlcsPlcsRlcs+β2Plcs
(20)

Here, X is the question sentence generated by the model, and Y is the gold question. LCS(X,Y) is the length of the common subsequence between the gold question sentence and the generated question sentence. β is a fixed parameter. In this paper, we set β to 1.2.

5.3 Results Analysis

To prove the effectiveness of our model, we compare some algorithms based on the sequence to sequence model.

1.    Seq2Seq: This is the baseline model. To generate the question sentences, this model directly uses two LSTM networks to encode and decode original input texts.

2.    Du et al. [17] model: This is an attention-based sequence learning model that generates questions from a paragraph. However, the authors of this model did not consider whether the generated question was related to the answer. Therefore, in the present paper we concatenate the target answer embedding with the paragraph embedding to generate answer-aware questions.

3.    NQG [18]: This work is based on the sequence to sequence model, and provides feature-rich encoding. In encoding stages, NQG adopts rich lexical features to encode the paragraph. In the decoding stages, it adopts a copy mechanism to generate questions.

From Tab. 2, it can be found that our model exhibits better performance on Tibetan QG. Our model achieves 25.34 BLEU-2 and 36.47 ROUGE-L. The baseline model (Seq2Seq) reaches 16.42 BLEU-2 and 27.13 ROUGE-L, respectively. Du et al. model achieves 31.26 ROUGE-L, and the ROUGE-L of NQG reaches 21.72 BLEU-2 and 32.71 ROUGE-L. Compared with the basic Seq2Seq, our model demonstrates improvements of 8.92 BLEU-2 and 9.34 ROUGE-L. Compared with Du et al. [17], our model demonstrates improvements of 4.73 BLEU-2 and 5.21 ROUGE-L. Lastly, compared with NQG, our model shows improvements of 3.62 BLEU-2 and 3.76 ROUGE-L. To further verify our model, we also conduct some ablation experiments, and the results are shown in Tab. 3.

Table 2: Experimental results of different models
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Table 3: Model ablation results on Tibetan QG task
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Tab. 3 shows significant improvements in performance when adding the attention and copy mechanism. BLUE-2 improves by +5.3 when adding the attention mechanism. The performance of the sequence to sequence model also greatly increased when adding a copy mechanism. These results show that the attention mechanism and copy mechanism can help improve model performance.

6  Conclusion

In this paper, we propose a Tibetan QG model based on the sequence to sequence model. Additionally, faced with the problem of lacking a Tibetan QG corpus, we construct a medium-sized Tibetan QG dataset to explore the Tibetan question generation task. Furthermore, we propose a QG model that adopts an attention mechanism to gain answer-aware paragraph embedding, and introduce a copy mechanism to copy some words from the paragraph when generating the question. The copy mechanism enables us to avoid generating unknown or rare words. Experimental results demonstrate the effectiveness of our model. However, the performance of our model still needs to be improved. In the future, we will introduce some linguistic knowledge and common sense to the model to improve its performance.
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