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1 TEXT SUMMARIZATION AND GENERATION IN SOCIAL MEDIA

Social media contains plethora of user-generated text, which can be considered as an important source of information.
While the amount of user-generated content will still grow, we will not be able to effectively seek information within it.
This can lead to the problems with information overload and also relevance judgements. On the other hand, social
media created also ground for propagation of misinformation and harmful and hate speech.

We believe different extracted information from different social media portals, such as review-based portals, online
forums or social networks, can offer a valuable input for both users and also for owners of products or services and this
information can be also a subject for automatic summarization.

Summarization of customer reviews can help both customers with decision making and also product owners for
service improvement [5]. In recent years, most significant and important approach became neural networks. We can use
neural network architectures for various types of summarization task, such as news and document summarization but
also for opinion summarization. Whereas neural networks in document summarization are widely spread, in opinion
summarization exist only several works using this kind of approach and most of them uses neural networks for related
tasks from opinion mining, such as aspect detection [4], sentiment analysis [2] and review generation [6].

In recent years, neural network approaches became very popular also for different tasks in natural text generation.
Recently, there have been used many different approaches, such as data-to-sequence (or attribute-to-sequence) gen-
eration [1] or hierarchical generation [3]. Those approaches have been used also in many different domains, such as
story generation, review generation or even twitter generation. Accordingly, many more complex task, such as text
summarization, dialogue systems or paraphrase generation, also uses different approaches for its text generation part.

2 TEXT GENERATION IN THE CONTEXT OF FAKED TEXTS

Recent advances in text generation also introduced a new open research problem. Can we automatically detect text
generated by computers? Since many useful systems can be misused, even if original purpose was to help people in
everyday-life, we should take into consideration also this threat.

Helping users to generate customer reviews only by typing short phrases or summary generation in form of wisdom
of a crowd can be misused to generate fake reviews automatically to harm product or service reputation.

Recently, sharing different types of information on social media have significant impact and also can affect hundreds
or thousands of people in a few seconds. We should consider automatic generation of different content in social media as
a tool to flood social media with different types of misinformation and also harmful or hateful speech. Recent advances
in text generation also open a challenge to automatically detect machine-generated text.
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