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Abstract Communicating with computers by using natural language is one of the ultimate goals
of artificial intelligence. The automatic text generation, i. e. , natural language generation, is an
important yet challenging problem. One popular choice of natural language generation is using
language models, including n-gram and feed-forward neural network. Recently, with the development
of recurrent neural networks, especially long short-term memory (LLSTM), the ability of language
models to process sequential text data has been greatly enhanced. Similarly, the LSTM based
encoder-decoder has been deployed in many applications involving with natural language generation
such as machine translation, video caption and speech recognition. However, LSTM language
models and encoder-decoder networks are trained by the cross entropy criterion at the word level,

which is to maximize the log likelihood of oracle word sequence. This may lead to the exposure
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bias problem: the input of the model during the training phase is the oracle reference sequence,
while during the test phase the input is its own predicted sequence. Another problem is that the
cross entropy is calculated at the word level. During the test phase, the model tries to generate
the word which maximizes the probability at this specific frame, which ignores the naturality of
the whole sequence. In other words, the mismatch between the training criterion and the final
test metric may lead to performance degradation. One way to bridge the gap between the word
level training criterion and sequence level test metric is to provide extra prior knowledge to the
model. Normally, the commonly used structured language model with additional input such as
pos tag or topic model could be used to bridge the gap. Some researchers also focus on extracting
sentence level embedding to generate better sequences. These methods, including schedule
sampling, can also reduce the influence of exposure bias. Another possible solution is to modify
the training criterion. Generative adversarial network (GAN) has shown the powerful ability to
generate images. Some researchers also implement sequence GAN by using policy gradient.
However, sequence GAN does not directly optimize the test metric, and it is hard to train and
converge. In this paper, we focus on the natural language generation with the weak condition,
i.e., the text itself. We reformulate the natural language generation problem with Markov
decision process and incorporate prior control vector derived from training corpus to guide the
generation. Prior control vectors can be considered as representation of prior partitions of
sequence-level sentence space. It is extracted from the training data unsupervisedly and provides
prior knowledge to help the model generate better results. With this provided prior knowledge,
the language generation space is effectively narrowed and more appropriately guided. By the
Markov decision process definition, we utilize policy gradient to train the LSTM network directly
with the test metric rather than the cross entropy loss. The experimental results show that the
proposed methods can address the above mentioned problems and significantly improve the
generation performance. The proposed model gain about 2% —3% performance improvement on
BLEU score compared with baseline model on three different dataset.
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This paper mainly focuses on two problems of natural
language generation, exposure bias problem, and train-test
criterion mismatch problem. The first way to address these
problems is by using reinforcement learning to train the model.
Some researchers have already trained natural language
generation models with the policy gradient method. However,
most of these models are about strong condition natural
language generation especially machine translation. The second
way is adding extra embedding to the model. At first, the
extra embedding needs supervised training, which is only
suitable for the dataset with the extra label. Some researchers

try to get extra input in an unsupervised way. However,
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most of their work extracts extra embedding from the input
text, which lacks prior information about the reference text.

This paper works on weak condition natural language
generation. Weak condition natural language generate model
has a much larger generation space which makes the model
hard to train and converge. Many policy gradient models that
are applied to strong condition natural language generation
cannot converge on weak condition natural language generation.
This paper proposed a way to successfully train the policy
gradient model for weak condition natural language generation.
Also, this paper proposed an unsupervised way to extract
extra embedding from the reference text, which can provide
more prior information compared with extra embedding
extracted from the input text. This paper also found that the
extra embedding is complementary to the policy gradient

training., which can help the model converge more quickly.





